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Abstract
Many experiments have shown that the diffusive motion of lipids and membrane proteins are slower on the cell surface than those in artificial lipid bilayers or blebs. One
hypothesis that may partially explain this mystery is the effect of the cytoskeleton
structures on the protein dynamics. To test this hypothesis, we designed a high-speed
single-particle tracking microscope and use a hybrid tracking and super-resolution
approach on the same cell. We labeled the high-affinity FceRI receptor as a transmembrane protein and GPI-anchored proteins as an example of outer leaflet protein
in Rat Basophilic Leukemia (RBL) cells and tracked these membrane proteins at
up to 500 frames per second. The cells were fixed immediately after tracking and
further labeled for super-resolution imaging of actin filaments. To achieve a reliable
correlation between the results from live-cell imaging and super-resolution of the

v

same cells, we evaluated several common and custom fixation protocols concerning
changes in the cell morphology, maintenance of thin actin filaments and the speed
of fixing proteins, selecting Glutaraldehyde as the best choice. Bright-field images
allow re-alignment of a cell with about 10 nm precision. This sequential approach
allowed the use of far-red dyes for tracking and super-resolution, ameliorating chromatic aberrations. Our studies provide evidence of an influence of actin on the
motion of the transmembrane protein, but not on the GPI-anchored outer leaflet
protein.
The dynamics of membrane proteins can be characterized by the diffusion constant. An accurate estimate of the diffusion constant from single-particle tracking
requires proper treatment of experimental effects including finite exposure time, localization error, and blinking of the emitters. Under the assumption of free Brownian
motion, these effects can be treated analytically. Accurate estimation becomes more
complicated in the case of confined or partially bounding regions. If the boundaries
are not considered, the diffusion constant can be severely underestimated. Here, we
present a Bayesian method for estimation of the diffusion constant of a membrane
protein moving in any arbitrary, but known, landscape of reflecting boundaries. We
demonstrated the method on simulated particles undergoing Brownian motion in free
regions. Our method improves the diffusion constant estimation but retains a small
bias towards underestimation.
We evaluated two labeling strategies for super-resolution imaging of actin filaments. We compared Alexa647-phalloidin using a dSTORM approach and LifeactAtto655 using a PAINT approach. We found that Lifeact can provide improved
super-resolution images at a reduced cost.
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Chapter 1
Introduction

1.1

Super-resolution microscopy

To address biological questions and observe the cellular functions, a wide range
of sizes from micro-scale to nano-scale is required [1]. However, due to the wave
character of light, a point source passing through an optical system is not simply
mapped as a point, rather it spreads out! In fact, two sufficiently close objects are not
fundamentally recognizable due to what is known as the diffraction limit [2]. In light
microscopy, the diffraction-limited spatial resolution depends on the wavelength of
light used to image the sample and on the numerical aperture (NA) of the microscope
objective lens. For visible light (∼500 nm) and microscope objectives having NA ≈
1.3 - 1.6, this limitation is about 180 nm (550 nm) in the lateral (axial) dimension
[3]. In recent decades, various approaches have been developed to go beyond this
barrier and are generally known as ‘super-resolution’ microscopy (SRM) and provide
an ability to resolve a single object over nano-scales.
SRM has a wide range of variants based on optical techniques in both excitation
and emission optical path to collect an image of fluorescent molecules [1]. SRM tech-
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niques are improving the classical spatial resolution even to the nano-scale [1]. One
of these techniques is single-molecule localization microscopy (SMLM) using the idea
of the ‘pointillist imaging’ of a fluorescent probe. In SMLM, emitters are individually
resolved within nanometers when a sparse enough sample is provided. To have this
criterion, the fluorescent probes should be randomly switched between on/off states.
Indeed, each emitter has the classical resolution, which is Abbe diffraction limit [2],
and based on the assumption of having only one emitter within the diffraction limit,
the molecule can be identified within few nanometers by computational methods and
as a result a super-resolution image is generated [4, 5].

In SMLM, several approaches have been introduced which are conceptually similar of using a blinking fluorescent sample, and are technically distinct in how the
switching condition is achieved in experimental data collection [1]. These approaches
include but are not limited to (direct) stochastic optical reconstruction microscopy
((d)-STORM) [6, 7], (fluorescence) photoactivated localization microscopy ((f)PALM)
[8, 9], (fluctuation-assisted) binding-activated localization microscopy ((f)BALM)
[10, 11], and integrating exchangeable single-molecule localization (IRIS) [12]. These
techniques provide the ability to resolve the biological structures within ∼ 20 nm
(40-70 nm) in the lateral (axial) direction [13]. Figure 1.1 is a cartoon to illustrate
the idea behind SMLM approaches schematically.
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Figure 1.1: Schematic super-resolution image of an elephant. a) A wide-field image
of an elephant. b) A sequence of images of the elephant labeled with fluorescent
probes. In each frame, only a few emitters are in the fluorescent state. c) Each
emitter is localized individually with high localization accuracy in each frame. d)
Reconstructed image of the elephant generated from single emitters from step (c).

In fluorescent light microscopy, fluorescent probes are used to selectively stain
cellular structures. In this situation, hundreds of fluorophores are potentially excited
at the same time within a diffraction-limited region (Figure 1.1 (a)). The emission
spectra of these fluorophores are overlapped, therefore, the structure is not resolved
higher than the classical diffraction limit, which is approximately less than half of
the excitation wavelength of the light source used to image the sample in the lateral
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distance. While in SMLM, most fluorophores are in off-state at a time and only
a few of them are randomly returned to on-state, excited and detected (Figure 1.1
(b)). The photo-switchable behavior of the flourescent probes depends on their
photophysical properties as well as the experimental conditions [13]. These molecules
can be localized individually with high resolution (Figure 1.1 (c)). The position of
each emitter can be determined as a center of a single molecule and a super-resolution
image is generated by reconstructing all the single-molecule localizations (Figure 1.1
(d)).
Super-resolution microscopy is also used in live-cell imaging to detect the dynamics of cellular structure. In live-cell imaging, both high spatial and temporal
resolution are essential. After collecting data, the total frames are divided into subsets of frame sequences. For each subset, a reconstructed image of the structure is
generated, then a time-lapse movie is created based on these reconstructed images
to show the dynamics of the structure. It is obvious due to the Nyquist principal,
the labeling density is limited, consequently, a trade-off between the spatial and temporal resolution exists for live-cell imaging. In recent decades, live-cell imaging has
been used to study the dynamics of cellular structures [13].

1.2

Single-Particle Tracking

Single-particle tracking (SPT) is performed to detect individual molecules in a live
cell, such as cell membrane proteins dynamics or protein-protein interactions which
are important for understanding cell functions. In this approach, molecules are
labeled with a probe such as gold beads [14], fluorescent probes [15], or quantum
dots [16, 17]. One typical approach to extract trajectories as shown in Figure 1.2 is
that each molecule is localized in a frame, then connected to the same particle in the
next frame, and as a results a trajectory is created for the particle over time.
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Figure 1.2: A schematic of single-particle tracking. a) Each single molecule is localized in a frame and connected to the same particle in the next frames. Each
frame is converted to a specific time based on the exposure time of the camera. b)
Trajectories of single molecules in 2D image are generated.

In quantitative analysis, numerous computational methods have been developed
to create trajectories and characterize the motion of particles in various models
[18]. The major kernels of these approaches are generally divided into two steps: 1)
particle positions, in which the spatial coordinates of each particle are determined
in each frame, and 2) particle connection, in which each localization of one frame
is connected to another localization in the next frames. Different computational
algorithms have been developed for creating a trajectory based on time-lapse image
data. Performance of these methods were objectively compared by Chenouard et al.
[19].

1.3

Membrane Architecture

The membrane is a phospholipid bilayer with thickness about 5 nm and composed of
other molecules including proteins, and carbohydrates. This semipermeable border
separates the interior cellular structures from the outside environment. It contributes
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significantly in cell functions such as cell metabolism to regulate what enters and exits
the cell, and also in cell signaling to respond to external stimulus [20]. A simple
model known as fluid mosaic model proposed in 1972 to describe the cell membrane,
which was based on thermodynamic principals of the membrane components [21].
This model describes the cell membrane as a fluid lipid matrix in two layers in
which the proteins and other molecules are moving laterally within the layers as a
liquid, and when viewed from above, the pattern produced by the scattered proteins
looks like a mosaic. Two predictions come out from this model: all components are
freely diffusing in the membrane described as a Brownian motion, and the membrane
components are distributed homogeneously due to free Brownian motion. Figure 1.3
shows a cartoon of this model. Proteins and carbohydrate molecules are randomly
surrounded by phospholipid in two layers. The polar hydrophilic portion of the lipid
molecules are shown as yellow balls while the hydrophobic parts are shown as tails
touching the hydrophobic parts of other lipid molecules.

Figure 1.3: The fluid mosaic model. The cell membrane is composed of a bilayer
lipid, in which the proteins and carbohydrates are distributed randomly. All particles
are free and move laterally in the membrane.

To describe the dynamics of the biomolecules, such as proteins in the membrane,
Saffman and Delbruck obtained an equation for diffusion coefficient, based on this
model [22]. The protein was assumed to have a cylindrical shape diffusing in a
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viscous layer (lipid membrane) and embedded in a less viscous environment (water).
However, shortly after proposing the fluid mosaic model, it was shown that neither
the homogeneity of the membrane nor the free Brownian motion agreed with the
experimental observations [23]. The experiments showed that diffusion in an artificial
lipid bilayer is much faster than in the real membrane of a live cell [24]. This
illustrated that the simple fluid mosaic model is not accurate enough to capture all
biological features of the cell membrane.
Many groups have employed different techniques and interpreted in various models to explain the slower motion of proteins and lipids in the cell membrane compared to artificial bilayers as well as heterogeneity of the membrane [23]. Here,
we describe some proposed models that can explain the non-Brownian motion and
non-homogeneity of the cell membrane.

Lipid Raft Model

In decades prior, it has been shown that a high concentration of cholesterol and lipid
sub-domains can exist in the plasma membrane and influence the molecular dynamics
in the cell membrane. This lipid structure introduced as a ‘lipid raft’ firstly by
Simons et al. [25] contains a high concentration of cholesterol and glycosphingolipid
molecules within the cell membrane. The phospholipid molecules in this domain
contains saturated fatty acyl chains (straight lines in tails) [26]. These structures
are packed together and have less mobility in the membrane compared to the nonraft domains. Figure 1.4 shows a region of lipid raft in the regular domain of the
phospholipid bilayer. The size and the component of lipid raft are still questionable
[27].
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Figure 1.4: The lipid raft model. The bilayer contains regions with a higher density
of glycerol and tight phospholipid molecules, which is known as the raft region.

Protein Island Model
To explain the observation of receptor activation in T cells, Lillemeier et al. proposed
a model in which the cell membrane is divided into two separate domains: 1) protein
domains termed protein islands (PIs) and 2) protein-free domains [28]. Based on
this model, the PIs are enriched with more cholesterol than their surroundings, and
are connected to membrane-skeleton structures. These protein islands can have nonraft or raft lipid domains. In this model, each membrane protein belongs to one
island. The border of each island can be determined by ‘protein-free’ or ‘cholesterollow’ lipid regions. The PIs’ diameter varies from 30 nm to 300 nm. According to
this model, membrane components are diffusing within the PIs, which is interpreted
as a confined motion, or between the PIs as a free random walker. Therefore, ‘hopdiffusion‘, which was experimentally observed by Sako et al. [29] can be explained by
considering shared borders between the islands. Beyond this, each island can move
lonely within the plasma membrane and reorganized confined domains for the other
membrane components. Figure 1.5 shows a schematic structure of the membrane
and PIs within the membrane.
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Figure 1.5: The protein island (PI) model. The membrane is divided into protein
islands (non-yellow regions) and protein-free regions (yellow regions). The PIs can
include raft or non-raft domains. These proteins are connected to the membrane
skeleton from inside the cell.

Picket-Fence Model
The picket-fence model is a cell membrane model proposed by Kusumi, in which the
membrane is compartmentalized into nanodomains by actin filaments close to the
membrane as ‘fences’ and anchored transmembrane proteins as ‘pickets’ [29, 30]. Figure 1.6 is a symbolic representation of this model. Based on this model, each molecule
is temporarily trapped in each domain and experiences hop movement to neighboring
zones, which is known as ‘hop-diffusion’. Different experiments performed with the
high-speed single-particle tracking techniques by Kusumi lab provided experimental
evidence to support this model [30]. In Kusumi’s observation, it was argued that for
low time resolution, diffusion of lipids and proteins can be simplified as Brownian
motion, but a high frame rate camera provides the possibility of observing hop diffusion. Additionally, in the case of some treatments to increase the polymerization
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of actin filaments, the dimension of confined zones for single-particle tracking was
increased [31].

Figure 1.6: The picket-fence model. Actin filaments close to the membrane compartmentalize the membrane into nano-domains. Some transmembrane proteins which
are connected to the filaments from inside the cell play a role as pickets restricting
transiently particle motion in the cell membrane.

All mentioned models can explain the restriction of the membrane components
motion and influence the membrane functions such as cell signaling, cell movement;
though, these models might simultaneously coexist [32]. We explained some of proposed models for the cell membrane to demonstrate various membrane functions,
but there has not been a comprehensive model to reveal all membrane functionality
[33].

1.4

Modeling the Diffusion Constant

Diffusion analysis is historically calculated based on the square displacement (MSD)
from trajectories. For a particle diffusing in a media, the MSD is proportional to
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time lag and diffusion constant can be straightforwardly extracted from this relation.
The mathematical equation for one dimension is given by,
< (x − x0 )2 >= 2Dtα

(1.1)

in which D is the diffusion constant, t is the elapsed time, and α is the anomalous
exponent. For simple Brownian motion, α = 1, if α > 1, the motion is super-diffusion,
and if α < 1, the particle undergoes sub-diffusion [34]. Figure 1.7 shows the MSD
plot for different types of motions.

Figure 1.7: square displacement for different type of motions.

To classify particle motion, ensemble average MSD is often used as a primary
approach. It is important to note that the MSD for each particle from the same
motion model, even in simulation, are typically different from one trajectory to another. Furthermore, it is usually impossible to choose a single model to explain the
dynamical behavior of a particle in most biological data, due to the diversity of experimental trajectories. To resolve these issues, a Bayesian MSD-based approach was
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introduced to select the best motion models among different testing models, based
on the observed data [35].
Although MSD is the first choice approach to obtain the diffusion constant of
single-particle tracking, it needs modification for experimental single-particle tracking [36]. In fact, the noisy data from super-resolution microscopy needs treatment
of experimental effects such as finite exposure time, localization error, and blinking of the emitters. Under the assumption of free Brownian motion, some of the
experimental effects can be addressed [37].

1.5

Overview of this dissertation

In this study, we employed dSTORM as a super-resolution technique to investigate
the confined motion of membrane proteins in rat basophilic leukemia (RBL-2H3)
cells in nano-domains. As mentioned in Section 1.3, different models have been proposed to explain the non-Brownian motion of membrane components. In 2008, it
was shown the FcRIs are confined in macro-scales within actin bundles [17]. That
was direct evidence of observing the membrane skeleton dynamically influences the
transmembrane proteins motion at long-range. Additionally, as proposed by Kusumi
et al. [30], high-speed imaging of the particle is required for observing the transient
confinement in nano-scales. In other words, the ‘hop-diffusion’ motion is observable
only when the membrane components are observed at least within milliseconds [30].
Based on this hypothesis, we have assembled a high-speed single-particle tracking microscope to detect the transmembrane proteins with high spatiotemporal resolution:
up to 25 nm and 1 millisecond, respectively.
In Chapter 2, the optical design of high-speed single-particle tracking and superresolution microscope is explained. In response to a trade-off between spatial and
temporal resolution, we implemented hybrid live-cell and super-resolution imaging, in
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which high-speed single-particle tracking in live-cell was followed by the high spatial
resolution of actin filaments in fixed cells. We explain in more detail this approach
in Chapter 2. Using this approach left some technical challenges, mainly related to
the fixation process. In Chapter 2, we indicate how to address these issues for having
reliable experimental data.
Chapter 3 focuses the membrane protein dynamics in RBL-2H3 cells regarding
the actin filaments. We proposed various experimental conditions to answer some
biological questions built upon the hypothesis of the ‘picket-fence model’. To characterize the confined trajectories, we fitted the ensemble-averaged MSD curve to a
model proposed for hop-movement of a particle in a permeable confined region [38].
The correlative behavior of single-particle tracking and actin super-resolution image
was examined by a proposed model which will be described in details in Chapter 3.
To estimate a diffusion constant in a free region, the maximum likelihood estimator introduced by Relich et al. [39] is accurate for a noisy experimental data;
however, in the case of having a confined region, an observed trajectory is centralized and consequently the diffusion estimator approach based on observed positions
underestimates the diffusion constant [40]. In Chapter 4, we introduce a Bayesian,
Markov Chain Monte Carlo-based method to estimate the diffusion constant in the
confined region for a noisy experimental single-particle tracking data. We show for
Brownian motion, this approach estimates the diffusion constant accurately but for
confined motion, it needs to be modified. To solve the diffusion equation in reflected
boundary conditions, we introduce a new solution based on the method of images to
approximately solve the diffusion equation in 2D, which is computationally affordable
for the MCMC method.
At the end of this dissertation, we compare two labeling methods for collecting
a super-resolution image of the actin filaments. We labeled actin micro-filaments in
HeLa and RBL-2H3 cells by phalloidin, as a standard peptide to label F-actin, and

13

Chapter 1. Introduction

Lifeact, as a new alternative peptide to visualize the actin structures. We optimized
the experimental conditions for both labeling methods and compared the superresolution images in various aspects.
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Chapter 2
Correlative High-Speed
Single-Particle Tracking and
Super-resolution Microscopy

2.1

Introduction

Super-resolution microscopy is a powerful tool to study cellular structures and dynamics.

As mentioned in Chapter one, single molecule localization microscopy

(SMLM) benefits from the temporal behavior of the molecular sources known as
photo-switchable fluorescent probes to visualize cellular structures beyond the light
diffraction barrier [1]. In these methods, small fraction of individual fluorescent
molecules are randomly activated and emit light at the distinct time. If they are
well-separated to be identical as a single molecule, they can be resolved with high
spatial resolution. To have a desired high super-resolution image, a sufficiently large
number of single localizations are required to be reconstructed [1]. The Nyquist
criterion indicates the imaging sampling interval must be smaller than half desired
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spatial resolution [41]. Therefore, several thousands of camera frames are collected
to generate a super-resolution image within nanometer scales. For this reason, the
application of SMLM methods in live-cell imaging has a trade-off between temporal
and spatial precision [13]. In an example of live-cell imaging for 2D stochastic optical reconstruction microscopy (STORM) has been performed by Jones et al., the
Nyquist resolution of ∼ 20 nm was obtained with a time resolution of 0.5 seconds
for clathrin-coated pits [42].

The challenge of having high spatiotemporal resolution in SMLM makes it impractical to image rapid sub-cellular processes such as membrane protein dynamics
simultounesly with high spatial resolution of thin structures like actin filaments.
Here, to achieve both high temporal resolution for single-particle tracking and high
spatial resolution for super-resolution imaging, we used correlative live-cell and superresolution imaging method. This method was used previously by Bálint et al. to
study cargo transport dynamics at microtubules. [43].

Figure 2.1 shows the idea behind this approach for observing membrane dynamics
within the context of actin filaments. The single-particle tracking of membrane
proteins were collected for a sufficient time, then immediately a fixation buffer was
added to preserve the cell in as near a life like condition as possible. After that, the
labeled actin structures were imaged, which needed a thousands of camera frames for
reconstruction of a high spatial super-resolution image. For super-resolution imaging,
we employed direct stochastic reconstruction microscopy (dSTORM).
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Figure 2.1: Experimental flow of correlative high-speed single-particle tracking with
super-resolution imaging

To perform this experiment, we designed a Correlative high-speed single-particle
Tracking and Super-Resolution microscope (CTSR). This method provides the ability
to track a single-particle for a few seconds with high time resolution (∼ millisecond)
which is essentially proposed to detect the ‘hop-diffusion’ of a transmembrane proteins [30], and also to detect the actin structures with high spatial resolution (up to
25 nm) using dSTORM.
This chapter describes optical design of the microscope in section 2.2. The fixation and labeling steps were usually accomplished on the bench. Therefore, before
super-resolution imaging of actin structures in a fixed cell, another optical step was
needed to find the live-cell image plane. This step can be carried out using a fiducial marker [43] or correlation of bright field images [44]. Section 2.3 introduces
the bright-field images registration method to align the cells before super-resolution
imaging. The calibration needed for the hardware of this setup is described in Section
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2.4. For single-particle tracking, the FcRIs were labeled with organic dyes conjugated to Immunoglobulin E(IgE), which binds to the FcRI receptor through its Fc
region. To pick the best dye among the possible dye suitable for the experiment,
we evaluate far-red dyes having similar absorption spectrum to Alexa647, which is
the most desirable photo-switchable fluorescent probe in SMLM methods [45]. The
dye characterization was evaluated in photosability, brightness and photobleaching
lifetime in section 2.5. At the end of this chapter, the optimized fixation protocol, which is a major connection between the single-particle tracking in live cell and
super-resolution imaging in the same fixed cell, will be compared to the standard
fixation protocol used for immunostaining.

2.2

Optical Design

This section explains in detail the hardware and optical components of the Correlative high-speed single-particle Tracking and Super-Resolution (CTSR) microscope.
The overall optical layout of this microscope is shown in Figure 2.2.
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Figure 2.2: Optical layout of correlative high-speed single-particle tracking and
super-resolution microscope. Table 2.1 lists the optical components of this setup.

This setup had an inverted commercial microscope (Olympus, IX71) equipped
with an oil immersion objective lens (Olympus, UAPON 100XOTIRF) as indicated
in Figure 2.3 with a green arrow. Table 2.1 provides a part lists of the optical
components of this setup. The microscope was equipped with a halogen lamp (ULH100L-3) for brightfield illumination to illuminate the sample from above.
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Symbol

Part Number

Laser 1

L638P200

Laser 2

C1561-025-O

LED850

M850L3

DM1
DM2

1

FF01643/20-25
Di03-R635t1-25x36

DM3

FF750SDi02-25x36

DM4

FF624-Di0125x36

L1

A414TM-A

L2

A110TM-A

L3

LA1560-ML

L4

...
AC254-050A
AC254-100A
AC254-200A
AC254-050A

L5
L6
L7, L8
L9
CYL1
CYL2
F1
F2
F3

LK1487RMB
LJ1363RMA
LD01-640/8
NA
FF01835/70-25

F4
M1-M5

BB1-E02

Iris1,
Iris2

SM1D12D

Fiber

P1-488PMFC-2

Description
638 nm, 200 mW, Ø5.6 mm, G Pin Code,
Laser Diode
561 nm, 495 mW, and Low noise version,
850 nm, 900 mW (Min) Mounted LED, 1200
mA
643/20 nm BrightLine® single-band bandpass filter
635 nm laser BrightLine® single-edge superresolution / TIRF dichroic beamsplitter
750 nm edge BrightLine® single-edge standard epi-fluorescence short-pass dichroic
beamsplitter
677 nm edge BrightLine® single-edge standard epi-fluorescence dichroic beamsplitter
f = 3.30 mm, NA = 0.47 Mounted Rochester
Aspheric Lens, AR: 350-700 nm
f = 6.24 mm, NA = 0.40, Mounted Rochester
Aspheric Lens, AR: 350 - 700 nm
ML - Ø1/2” N-BK7 Plano-Convex Lens,
SM05-Threaded Mount, f = 25.0 mm, Uncoated
f=175 mm
f = 50.0 mm, Ø1” Achromatic Doublet, ARC:
400 - 700 nm
f = 100.0 mm, Ø1” Achromatic Doublet,
ARC: 400 - 700 nm
f = 200.0 mm, Ø1” Achromatic Doublet,
ARC: 400 - 700 nm
f = 50.0 mm, Ø1” Achromatic Doublet, ARC:
400 - 700 nm
f=-400.0 mm, Ø1”, N-BK7 Mounted PlanoConcave Round Cyl Lens, ARC: 650 - 1050
nm
f = 400.0 mm, Ø1”, N-BK7 Mounted PlanoConvex Round Cyl Lens, ARC 350-700
640/8 nm MaxDiode laser clean-up filter
long pass filter 655 nm
835/70 nm BrightLine® single-band bandpass filter
Ø1” Broadband Dielectric Mirror, 400 - 750
nm
SM1 Ring-Actuated Iris Diaphragm (Ø0.8 Ø12 mm)
PM Patch Cable, PANDA, 488 nm, FC/PC,
2m

Vender
Thorlabs
CrystaLaser
Thorlabs
Semrock
Semrock
Semrock
Semrock
Thorlabs
Thorlabs
Thorlabs
Thorlabs
Thorlabs
Thorlabs
Thorlabs
Thorlabs
Thorlabs
Thorlabs
Semrock

Semrock
Thorlabs
Thorlabs
Thorlabs

Table 2.1: Optical components checklist of the CTSR microscope.
20

Chapter 2. Correlative High-Speed SPT and SR Microscopy

Figure 2.3: The CTSR microscope. The Olympus microscope is pointed by a green
arrow and the syringe pump is indicated by a red arrow.

For fluorescent microscopy, we used a 638 nm laser diode, Laser 1, to excite the red
fluorescent dyes. Because the output of this laser is highly divergent, a collimating
lens was embedded in front of the laser. To filter out undesirable laser light, a laser
diode clean-up filter was employed, F1. Two adjustable mirrors, M1 & M2, were
installed to couple the laser light into a single-mode polarization-maintaining optical
fiber, Fiber. This microscope was designed for two-color imaging; however, in this
project, we used only one-color imaging. A yellow-green 561 nm laser, Laser 2, was
implemented and coupled to the same fiber by adding a dichroic mirror, DM1, which
only transmits the 634 nm ± 25 wavelength beam and reflects the other wavelength
including 561 nm of the green laser as shown in Figure 2.4. The fiber was mounted
on an XYZ micro stage to make the alignment easier.
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Figure 2.4: Excitation optical path of high-speed, single-particle tracking and superresolution microscope. Two laser sources are installed for two-color tracking, and
both are coupled into a single-mode PM fiber.

To adjust the laser beam into the objective lens, additional optical components
were required. Figure 2.5 depicts the optical layout between the end of the fiber and
the sample plane. The fiber was firmly fixed at a focal length of a collimating lens L3
. The collimated laser beam is focused by L4 , before entering the objective lens and
passes through the objective lens to excite fluorescent probes in a sample. Between
the tube lens and the objective lens, a dichroic beam splitter, DM2, was installed to
reflect the beam in objective lens. Two mirrors were mounted to adjust the height of
the laser beam with the commercial microscope. The mirror closer to the tube lens,
M4, changes the angle of the excitation beam for a total internal reflection condition
during data collection.
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Figure 2.5: Optical design between the fiber and sample plane.

The emission optical path of this setup contains two lenses to magnify the sample
onto the cameras. As shown in Figure 2.6, two back-illuminated electron-multiplying
charge-coupled device (EMCCD) cameras (Andor, iXon DU-860E-CS0-#BV) were
placed for fluorescent imaging. Emission light gathered by the objective lens, transmits through the dichroic mirror and focuses on an image plane by a tube lens
embedded inside the microscope. An achromatic doublet lens, L6 collimates the
emission light toward a dichroic beam splitter, DM4, which divides it into two paths
for each camera. To magnify the sample and to focus on each camera, another
achromatic doublet lenses, L7 for one camera and L8 for the second camera were
used. This setup was sealed with lens tubes to reduce the undesirable light to the
cameras. For 3D imaging, two cylindrical lenses – a diverging cylindrical lens, CYL1
and a plano-convex round cylindrical lens, CYL2 – can be added to this setup by
a removable lens holder (Thorlabs, CFH2M) through the emission path behind the
L7.1
1 To

have 3D imaging for the second camera, the same optical components can be added
in the emission optical path.
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Figure 2.6: Emission optical path of the high-speed single-particle tracking microscope. The setup is modified for two-color tracking. The emitted light gathered by
the objective lens is reflected by a mirror and passes through the tube lens. For 3D
imaging, two cylindrical lenses can be added by a removable filter holder.

IR Transmission Imaging
We added an IR camera to detect the bright-field image during the experiment. A
low-cost CMOS camera (Thorlabs, DCC1545M) took bright-field images, starting
with the live-cell data collection until the process of adding a fixative buffer was
completed.
As illustrated in Figure 2.7, the CMOS camera combined with the objective lens
is a simple bright-field microscope that uses an LED lamp as a light source, which
is collimated by L5, to illuminate a sample on a sample plane. For the emission
optical path, light is collected by the objective lens, passes through the tube lens
and L6. then is focused on the CMOS camera by L9. To block unwanted light in
the emission path, we placed an optical filter, F4, in back of the L9. To make this
bright-field microscope be a part of the CTSR microscope, we added a dichroic beam
splitter, DM3, to reflect the IR wavelength to the CMOS camera and to block it in

24

Chapter 2. Correlative High-Speed SPT and SR Microscopy

the emission path of fluorescent microscopy. The complete optical layout of this part
is simplified in Figure 2.7.

Figure 2.7: Optical layout of IR bright-field microscopy. This microscope is added
by a filter to the primary microscope to carry out bright-field image registration.

All components of this microscope are controlled by a MATLAB-Instrument Control (MIC) package, written by me and others in our lab [46].

Syringe Pump
For CTSR experiments, it is necessary to fix the cellular structures immediately
after the live-cell imaging to keep the structures in life-like conditions. We utilized a
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syringe pump (kd Scientific, legato 100), pointed with a red arrow in Figure 2.3, to
add the fixative buffer automatically when live-cell imaging was collected for a few
seconds. In the experiment, the syringe pump infused a fixative buffer to a sample
chamber by a BD plastic syringe (10 ml), which was connected with an adapter (Cole
Parmer, 45508-00) to a tube (Cole Parmer, 06422-02). Because this process should
be accomplished quickly, we used the high pumping rate of this syringe pump, 22
ml/min, to push the 10 ml BD plastic syringe and add the buffer within 0.5 second.
By adding the fixative buffer, morphology of the cell can be changed. To detect any
changes in cell morphology in micro-scale, we took bright-field images during data
collection for flourescent single-particle tracking and adding a fixative buffer.

2.3

Bright-Field Image Registration

In SMLM techniques, a super-resolution image is typically a reconstruction of single
molecule localizations from several thousands of camera frames. Due to this requirement, data collection is sensitive to sample drift, which can be caused by thermal
fluctuation, mechanical relaxation, or vibrations. One method to minimize the effect
of drift for super-resolution microscopy is to use bright-field images registration [47].
In this method, z-stack images from above and below the focal plane are taken then
are compared to a reference image (Figure 2.8). Cross-correlation of the z-stack
images with a reference image has been calculated by a fast Fourier transformation,
and the best z-position that matches the reference image will be found. This method
finds drift and corrects it by a stage before collecting data for each data set. The
stability of the microscope can be maintained within 10 nm in x, y, and 20 nm in z
direction by using this method [47].
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Figure 2.8: IR bright-field images in z-direction. Z-stack images are taken from
below the focus plane to above the focus plane.

We implemented bright-field image registration to minimize drift during superresolution data collection and to find the focus plane before collecting the superresolution image in the correlative live-cell and super-resolution imaging experiments.
For drift correction in the experiment, we needed a lamp, a camera for taking brightfield images, and a nano-positioning stage to move a sample in an appropriate direction in 3D. Prior to starting each data set of super-resolution image, a z-stack of
bright-field image was collected and compared to the reference image. In this setup,
we took 21 images from below to above the focal plane in z direction with step size
of 0.05 µm. This image was saved in the same directory as the collecting data. A
fast Fourier transform was used to find the cross-correlation of two images, and a z
position was found based on a second-order polynomial model, which was fitted to
the cross-correlation results. Next, a possible shift in x or y-direction was achieved
by using ‘findshift’ function from the free (for non-commercial users) MATLAB toolbox DIPimage package [48]. We chose the ‘iter’ option as a method to calculate
the shift in ‘findshift’ function. For bright field image registration on this setup, we
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can use either a) IR CMOS camera, LED lamp, and nano-Drive3 (Mad City Lab,
MCLC02646) or b) EMCCD camera, halogen lamp (U-LH100L-3) placed inside the
Olympus iX71 microscope, and nano-Drive3 (Mad City Lab, MCLC02646).
For correlative single-particle tracking and super-resolution experiments, we used
the IR camera to collect bright-field images, starting when a single-particle tracking
was collected until a fixative buffer was completely added to a sample. As a reference
image, we saved the bright-field image prior to adding the fixative buffer. Then the
sample was removed from the microscope and prepared for super-resolution imaging
then it was put back on the microscope. To find the z-plane of the live-cell imaging,
we implemented the bright-field image registration (see Figure 2.9).

Figure 2.9: Bright-field images registration by the CMOS camera. The picture on
the left is the overlay of the reference image and the current image. The graph on
the right is the plot of cross-correlation between two images.

2.4

Calibration

As we described in Section 2.2, the CTSR microscope was assembled with various optical components. To obtain reliable and reproducible results, we needed to calibrate
relevant components. We first introduce how to calculate the optical magnification of
each camera in three different ways. We measured the orientation of the stage with
each camera; as an important parameter for bright-field image registration. Based

28

Chapter 2. Correlative High-Speed SPT and SR Microscopy

on this calculation, we could find the back projected pixel size and magnification
for each camera. To analyze experimental data, the camera had to be calibrated to
reveal gain and offset, which will be explained in Section 2.4.3. At the end of this
section, we explain how to measure the illumination intensity of the microscope on
a sample plane.

2.4.1

Optical Magnification

To determine the optical magnification for each camera, three methods can be implemented, firstly, calculating from all the lenses through the emission optical path
(current section); secondly, the magnification can be obtained from the chip size of
the camera and the size of the sample (current section); thirdly, using the brightfield images of a sample such as a nano-grid and by assuming the nano-positioning
stage is self-calibrated, and finding the back-projected pixel size to derive the optical
magnification (section 2.4.2).
In the first method, the optical components for both fluorescent imaging cameras
were the same, and the third CMOS camera had slightly different emission optical
path. In the case of having ideal lenses, we calculated the magnification. On both
EMCCD cameras, the overall magnification was obtained by multiplying the 100x
value from the objective and tube lens combined with L6 and L7 (or L8 for the
second EMCCD camera) in the emission optical path. Therefore, the magnification
for fluorescent imaging path was determined 200. The emission path for the CMOS
camera had the same magnitude from objective and tube lens which was 100x, and
then combined with two other lenses, L6 and L9. Consequently, the magnification
for CMOS camera was obtained 50.
In the second method, a known-size target (Thorlabs, R1L3S3P) was used to
compare the actual size of camera chip with the size of the sample in the field of
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view. Bright-field images of a ‘grid distortion target’ with grid spacing of 10 µm were
shown in Figure 2.10 (a) and (b) on EMCCD chip of Andor camera and CMOS chip
of IR camera, respectively. The sample size in the field of view for EMCCD camera
was measured around 15 µm , shown with a yellow arrow in Figure 2.10, while the
actual size of the EMCCD chip is 3.0722 mm. With a straightforward mathematical
calculation, the optical magnification was obtained 204.81 for EMCCDs. Same calculation determined the magnification for the IR emission optical path around 50.66
as the actual size of the chip is 5.32 mm in the horizontal direction (see Figure 2.10
(b)) and the size of the sample in the field of view was 105 µm.
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Figure 2.10: Bright-field images of 10 µm grid array at the a) EMCCD chip of Andor
camera, b) CMOS chip of IR camera.

2.4.2

Stage-Camera Orientation and Pixel Size

Three cameras were installed in this microscope: two EMCCD cameras to detect fluorescent molecules and one CMOS camera to collect bright-field images. For brightfield image registration, the x, y, z-shift were obtained from the cross-correlation of
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two images. To move the sample in the correct direction, the nano-positioning stage
had to be calibrated separately with each camera. This calibration file included pixel
size and orientation matrix defined as a rotation matrix to determine the relationship
between the stage coordinate system and the image coordinate of the camera. To
find these parameters, we needed a lamp, camera, stage, and a high contrast sample.
We used the 10 µm square pattern of a ‘grid distortion target’ (Thorlabs, R1L3S3P)
as a sample for the experiment.

First, the lamp was tuned on before starting the bright-field image registration
(halogen lamp and LED lamp were used for EMCCD cameras and CMOS camera,
respectively) and the nano-positioning stage was set to the center. Then the camera
captured a bright-field image of the sample as a reference image. The sample was
shifted 10 times with step size = 0.1 µm in one direction by the stage, and for each
step, the camera captured a bright-field image. This process was repeated for both
x and y directions to find the orientation matrix and back-projected pixel size in 2D
(see Figure 2.11).

Figure 2.11: Bright-field images of 10 µm grid array. The stage was set in the center
and the camera captured the image (left image). Then the sample was shifted in
one direction about 0.1 µm by the stage and the camera captured the image (middle
image). This process was repeated for 10 times and a set of images was captured
when the stage moved the sample by 0.1 µ compared to the first image (right image).

32

Chapter 2. Correlative High-Speed SPT and SR Microscopy

The orientation between the stage and each camera is defined by this relation:

Camera = Orientation matrix ∗ Stage


 


dxImage
o1 o2
dxStage

=


dyImage
o3 o4
dyStage

in which, dxImage and dyImage is the shift between two images and dxStage and dyStage
is the displacement of the sample by the nano-positioning stage for corresponding
bright-field images. To find each element of the orientation matrix, we made a
graph of the found shift between two images versus the displacement of the sample
by nano-positioning stage. To measure the shift between two images, we used the
‘findshift’ function of the DIPimage package [48]. This function calculates the shift
of two images in both x and y dimension. Figure 2.12 (a) depicts the found shift in x
dimension between two images when the stage moved the sample in x direction. In
Figure 2.12 (b), the shift between two images in y dimension is shown when the stage
moved the sample in x direction. Similar situation can be described for the right
plots. For all graphs, the experimental data was fitted with a linear equation, and
the slopes were the element of orientation matrix. We performed this experiment for
all cameras of this setup.
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Figure 2.12: Elements of orientation matrix for CMOS camera. a) Found shifts of
the image reference and the current image in x-dimension when the stage moved the
sample in x-direction for 10 displacements with the step size of 0.1 µm, b) Found
shifts of the image reference and the current image in x-dimension when the stage
moved the sample in y-direction for 10 displacements with the step size of 0.1 µm,
c) Found shifts of the image reference and the current image in y-dimension when
the stage moved the sample in x-direction for 10 displacements with the step size of
0.1 µm, d) Found shifts of the image reference and the current image in y-dimension
when the stage moved the sample in y-direction for 10 displacements with the step
size of 0.1 µm. The slope of the fitted lines are the elements of the orientation matrix.

Pixel size is defined as a scalar parameter given by the following equation,
P =p

2
o21

+

o23

+

p

o22 + o24

We assumed the pixel size in x and y were equal. To obtain the calibration parameters, we used the ‘calibrate’ function of ‘MIC-Reg3DTrans’ class in the MIC package.2
2 https://GitHub.com/LidkeLab/matlab-instrument-control.

34

Chapter 2. Correlative High-Speed SPT and SR Microscopy

The calibration process was done for each camera of the CTSR microscope and the
orientation matrix and back-projected pixel size of the camera were saved as a calibration file in the path of MATLAB data collection class. These parameters are
given in Table 2.2 for all cameras.

CMOS

Orientation Matrix
"
#
−0.0084 9.7384
9.67.7

EMCCD 1
EMCCD 2

"

0.0430

Pixel Size (µm)
0.1030

0.0201
#
−8.4458

−8.4666 −0.0791
"
#
0.0747 −8.4290

0.1183
0.1196

8.2862 −0.0152
Table 2.2: Orientation matrix elements and back-projected pixel size for all cameras
of the CTSR microscope.

To calculate the optical magnification, the back-projected pixel size for each camera was compared to the actual pixel size on the camera chip. Table 2.2 shows that
the back-projected pixel size for the EMCCD camera was 0.1183 µm while the actual
pixel size on the CCD chip was 24 µm, therefore, the magnification was obtained
202.87. For the CMOS camera, the actual value for the magnification was, 50.48
obtained from the actual pixel size, 5.2 µm, divided by the back-projected pixel
size, 0.1030 µm. In the calculation, we ignored the errors caused by the nano-drive
stage and assumed it was calibrated. The results value for optical magnification is
comparable with the magnitude from Section 2.4.1 (see Table 2.3).

Method 1
Method 2
Method 3

Andor Camera
200
204.81
202.87

IR Camera
50
50.66
50.48

Table 2.3: Optical magnification of emission optical path of the CTSR microscope.
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2.4.3

Camera Calibration (Gain, Offset)

The number of collected photons per blinking/binding event, contributes significantly
in localization precision [49]. A charge-coupled-device (CCD) camera is a semiconductor device that converts incoming lights into electrons at each pixel and then
converts these charges into a voltage. The voltages are then sampled, digitized and
finally stored in a memory for a digital device. During this process, different types
of noise exist that must be considered. Here, we address photon noise (shot noise),
thermal noise, readout noise, and quantization noise [50].
Photon noise (shot noise) is associated with the particle nature of light. The
number of collected photons by the EMCCD during the exposure time can be modeled as a Poisson process. We used this principle to quantify the response function of
the EMCCDs, to input light. Thermal noise associates with the creation of electronhole pairs due to thermal fluctuation and cannot be recognized from photoelectrons.
This noise can be compensated by a cooling system used in EMCCDs. Readout noise
emanates from the readout phase when a signal is being read from the sensor. It is a
consequence of the imperfect operations of physical electronic devices, including not
limited to pre-amplifying the signal and the field effect transistor [50]. In EMCCDs,
a gain register is added to amplify electrons; therefore, the readout noise in superimposed on many thousands of electrons. That is the reason, that the readout noise
is negligible in EMCCDs especially when the chosen EM gain parameter reaches a
high enough value [50]. Quantization noise origins from analog-to-digital converter
(ADC), where quantization of a pixel magnitude, is digitized to a finite number at
a discrete level. This noise is very small and usually ignored [50]. In EMCCDs, the
thermal noise and readout noise are insignificant because these devices have a cooling
system and gain register, respectively. The output of EMCCDs is in analog-digital
unit (ADU), which should be converted to an ‘effective photon’ count for analyzing
data. This process is called gain calibration and includes two parameters: gain and
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offset. The mean output signal, < S >, depends linearly on the ‘effective photon’,
< K >, described by,

< S >= g < K > +O

(2.1)

in which, g is the linear gain factor, and O is offset. This section explains an experimental protocol to measure these parameters for each camera.

Experimental Method

Two image sequences are necessary to find gain factor of a camera. First, a smooth
gradient intensity is required to have a wide range of collected photons number from
zero to several thousands before saturating the camera. Second, a background image
is collected when the shutter of camera is closed. We prepared a 1:10000 dilution
of 0.04 µm red beads in an eight-well chamber (ThermoFisher, Lab-Tek Cat No.
155411) as point sources. The final concentration of the sample were adjusted to
be in different region of the EMCCD chip. First, we needed to set the camera’s
properties, such as EM gain, preamp, and vertical shift voltage values. To collect a
background image, an image sequence (2000 frames) were collected when the shutter
of the camera was closed, and it was saved as a background image sequence. Figure
2.13 (a) shows the image collected by EMCCD when the camera shutter was closed.
To have a smooth gradient intensity image, fluorescent beads were detected for 2000
frames in an unfocused condition (Figure 2.13 (b)), and were saved as a sample
beads image. The emitted photon of these fluorophores was modeled by a Poisson
distribution due to shot noise.
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Figure 2.13: Image sequences for gain calibration of EMCCD cameras. a) A background image, b) an unfocused red dark beads as a smooth gradient of number of
photons collected by the camera.

Data Analysis

To analyze the collected data, we used the ‘cal readnoise’ function in DIPimage [48].
This function needs at least two inputs, a sample beads image, and a background
image, which was mentioned in the expetimental method. Figure 2.14 depicts the
intensity values versus its variance. As mentioned above, the collected photons within
the exposure time of the camera are dominated by the Poisson distribution, in which
a linear relation between the expected value, total intensity, and its variance exist.
The slope of this graph is the gain factor, and the mean value of the photons, when
the shutter is closed, equals to the offset ( see equation 2.1).
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Figure 2.14: The image variance is shown as a function of image intensity value. The
slope of this graph is gain, and the y-intercept is background value.

Results
We measured the calibration parameters for the CTSR microscope and obtained the
gain factor as 13

e−
ADU

and offset as 100 ADU.

In addition to this experimental protocol and analysis, the gain factor and offset
can be calculated directly from a collected data [51, 52].

2.4.4

Excitation Intensity Profile

The excitation laser from a laser source has a 2D Gaussian profile. The Gaussian
profile is obtained from the transverse electromagnetic mode, which is the solution of
paraxial Helmholtz equation [53]. As a result, the illumination intensity is spatiallyvariant. The inhomogeneous illumination impact on the photophysical properties of
single molecules resulting in localization accuracy, photo-switchable behavior, and
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photobleaching depends on the molecule position in the field of view [54]. Several
optical techniques have been used to reduce the non-homogeneity [54, 55]. In our
setup, we placed a 25-mm lens in front of the fiber to magnify the laser beam and
have only the almost flat-head of the Gaussian beam in the field of view (Figure
2.15).

Figure 2.15: Excitation intensity profile. Excitation beam has a Gaussian profile
shown with the blue line. The peak of beam is almost flat and shown with the red
square.

To measure the excitation beam profile, we used a saturated sample of dark red
beads (ThermoFisher, Cat No.F8789), which stick to the coverslip and are photostable, to provide a uniform sample of the fluorescent molecules in the field of view.
As shown with a black solid line in Figure 2.16 (b) and (c), the spatial-averaged
number of photons collected are almost uniform in row and column of the EMCCD
region.
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Figure 2.16: The collected photons for a saturated bead sample. a) The frameaveraged raw image of the saturated bead that is almost excited with the same value
of intensity illumination. The intensity of emitted light in each b) row (x direction)
and c) column (y direction) were shown. The black line is the mean value of the
emitted photons for all b) rows and c) columns.

The excitation intensity on the sample plane was measured by using a saturated
dark red bead as a sample described earlier, and reduced the diameter of the excitation laser beam by an iris placed in front of the fiber. As shown in Figure 2.17, the
aperture was partially closed to limit the illumination beam size only to the field of
view for measuring the power. The power of the laser was measured after it came
out of the objective lens as 8.5 mW.
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Figure 2.17: Image of a saturated sample when an iris reduces the excitation laser
beam to the field of view.

The actual excitation intensity on the sample plane is a function of the power
and the area,
Intensity =

Power
Area

The diameter of the excitation beam, which was calculated based on back-projected
pixel size that we obtained for the EMCCD camera of this microscope, was 0.1183
µm; the total region of EMCCD camera was a circle with diameter of 128 pixels.
Therefore, the spatial averaged intensity on the sample plane was obtained by,
Intensity =

2.5

8.5 mW
kW
= 4.72
2
2
π ((128/2) ∗ 0.1183) µm
cm2

Far-red Organic Dyes for High-speed SPT

In single-particle tracking, a variety of fluorescent molecules exist to be used as a
probe. They include fluorescent proteins, quantum dots and organic dyes. Quantum dots (QDs) are more photostable compared to the organic dyes and fluorescent
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proteins [56], but they have ultimately limited brightness from the ∼10 times longer
fluorescence lifetime and suffer from blinking [56, 57]. In some cases, the physical size
of QDs prevents them from moving under the cell in tight coverslip-cell junctions,
precluding total internal reflection fluorescence (TIRF) imaging. Therefore, in some
applications, the use of organic dye labels is preferred. The disadvantage of organic
dyes is their relatively poor photo-stability and smaller absorption cross-section. In
this project, single-particle tracking is followed by a super-resolution imaging. The
best dye for super-resolution imaging in dSTORM was found Alexa 647, which is a
fluorophore with high on/off duty cycle and high number of photons per switching
event compared to other dyes [45]. These properties are essential in single molecule
localization microscopy (SMLM) to have a sparse enough sample with a bright emitters to be localized with high spatial resolution. Alexa 647 can be conjugated to
a wide range of ies to label different targets [58]. To image actin filaments, it is
conjugated to phalloidin.
For single-particle tracking, various far-red organic dyes are available including,
LD 650 (Lumidyne Technologies Cat No. 07); CF 640R (Sigma- Aldrich, Cat No.
SCJ4600044); Atto 655 (Sigma-Aldrich, Cat No. 76245); DyLightTM 650 (ThermoFisher Scientific, Cat No. 62265); Alexa 647, Janelia 646 (Tocris, Cat. No.
6148). One issue with the far-red dyes is the self-aggregation. In professor Diane
Lidke’s lab, these dyes have been tested to reveal any for self-aggregation when they
conjugated to IgE antibody to label the FcRIs in rat basophilic leukemia (RBL2H3) cells. Based on their experience, in some cases, the cells have started to be
activated without adding any activators and endocytosis was happened during activation. Some of these dyes have a high tendency to stick together and being aggregated.
Among these dyes, only Janelia 646 and Alexa 647 shows less-aggregated measure
compared to others in a low concentration of dyes per proteins (∼ 1 dye/protein).
As it was mentioned above, Alexa 647 is the best dye for dSTORM as it is an efficient photoswitchable dye with a higher number of emitted photons [45]. The high
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quality of being photoswitchable is a negative property in single-particle tracking, in
which a sequential detection and localization of individual fluorescent molecules are
expedient.
This microscope was assembled for Alexa 647 to have a high quality superresolution imaging of actin filaments. To do this, we used a 638 nm laser to excite
the far-red dyes. Figure 2.18 shows the excitation spectra of Alexa 647, Janelia 646
and Atto 655 with respect to laser wavelength.

Figure 2.18: Absorption and emission spectra of Alexa 647, Atto 655, and Janelia
646. The excitation peak for Alexa 647, Atto 655, and Janelia 646 is at 651 nm, 663
nm, and 646 nm respectively. The emission peak for these dyes is at 667 nm, 680
nm, and 664 nm.

This section explains the experimental methods used to evaluate the Janelia
646, Atto 655, and Alexa 647 by tracking dye-labeled IgE bound to the FcRI.
We characterized the dyes by photon emission rate, emission stability (e.g. lack of
blinking), brightness, and photobleaching lifetime.
Photobleaching depends on the excitation intensity and the presence of the oxygen

44

Chapter 2. Correlative High-Speed SPT and SR Microscopy

molecule (O2 ), which reacts with the triplet-excited states of many dyes to produce
highly reactive singlet oxygen [59]. To address the first reason, lower excitation power
could be utilized to have enough time to collect the sufficient length of tracking, but
concurrently it means the signal-to-noise ratio (SNR) is degraded which consequently
reduces the spatial localization accuracy.
To label the transmembrane proteins in single-particle imaging, Atto 655 wasn’t
used due to self-aggregation, although the characterization of this dye is important
for Chapter 5.

2.5.1

Experimental Methods

Rat basophilic leukemia (RBL-2H3) cells were grown in minimum essential medium
(1X) (ThermoFisher, Cat No. 11095) with 10% fetal bovine serum(FBS) (Atlanta
biologicals, Cat No. S12450H), 1% penicillin streptomycin (ThermoFisher, Cat No.
15140) and 1% L-Glutamine (ThermoFisher, Cat No. 25030) on the 25 mm coverslips
in 6-well chamber for about 24 hours prior to beginning the experiment. To label
the FcRI, each dye was conjugated to immunoglobin E (IgE). IgE is an antibody
produced by the immune system and is involved in various allergic diseases [60]. The
FcRI is a high-affinity receptor to this antibody[61]. The far-red dyes conjugated
to IgE were diluted in a live-cell imaging buffer, HANKS buffer (see Appendix A).
The concentration of each dye was about 200 pM to produce a sparse labeling distribution of FcRIs for single-particle tracking experiment. Dye-labeled IgE bound
to the FcRI in RBL-2H3 cells were tracked at frame rates up to 500 Hz. All dyes
were excited with a red diode laser at 638 nm. The experiment was performed in
three different conditions to study the effect of the excitation intensity: high = 4.72
kW/cm2, medium = 1 kW/cm2, and low = 0.76 kW/cm2 excitation intensity in
HANKS buffer.
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2.5.2

Data Analysis

In the IgE-conjugated process, it might be possible to have multiple dyes per IgE,
which would cause additional brightness to evaluate photobleaching lifetime of the
fluorescent probes. We used the ‘Change Point Analysis’ to select the single-dye
trajectories [62]. The number of photons of one emitter in each frame is randomly
distributed around a mean value described with a Poisson distribution. In this
algorithm, the number of photons has been examined to identify single-molecules.
As an example, Figure 2.19 shows the number of photons for one emitter and the
model was fitted to find the average number of photons. Figure 2.19 (a) depicts
the number of emitted photons of a protein labeled with IgE + Janelia 646 having
multiple dyes. As shown, the data were fitted with a step function. This happens
when multiple dyes stick to the antibody and one of them is photobleaching sooner
than others. Conversely in Figure 2.19 (b), the average of the emitted photons from
the fluorescent probe was fitted with one straight line. This trajectory has only one
dye per IgE with higher probability.
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Figure 2.19: Photons per time for a fluorescent probe. The number of photons was
plotted for two fluorescent emitters during acquisition time. The emitter had a) one
dye b) multiple dyes per y.

To evaluate the dyes, we compared them based on single-dye trajectories in three
features: 1) photobleaching lifetime, which is defined as the averaged time being
in on state before photobleached, 2) photon emission rate, which is defined as the
averaged number of photons per emitter in one frame, and 3) brightness defined as
the averaged total number of photons per emitter for the whole experiment. These
properties are required in single-particle tracking to have a high spatial precision for
a single molecule localization, which is achieved by high photon emission rate, and
to have the sufficient track length, which is the results of photobleaching lifetime. In
the next section, we provide the results of these features for Janelia 646, Atto 655,
and Alexa Flour 647 dye in different excitation intensity experiments.
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2.5.3

Results

Figure 2.20 shows these three characterizations for Janelia 646 when the excitation
laser set to 0.2

kW
.
cm2

Figure 2.20 (a) shows the histogram of around 2000 single-

dye trajectories of the IgE receptors labeled with Janelia 646. This plot was fitted
with an exponential distribution to extract the photobleaching lifetime. As shown
in Figure 2.20 (b), the number of emitted photons per frame of the same single-dye
trajectories are plotted and it was fitted with a Poisson distribution due to the shot
noise. As the final characterization, the brightness of these trajectories was shown
in Figure 2.20 (c) and it was fitted with an exponential distribution to extract the
average brightness of Janelia 646 in the mentioned experimental conditions.
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kW
Figure 2.20: Evaluation of Janelia 646 at 0.2 cm
2 . a) Histogram of the track length
for ∼ 2000 single-dye trajectories of IgE receptors labeled with Janelia 646. This
histogram was fitted with an exponential distibution to exctract the average photobleaching lifetime. b) Histogram of the number of photons per each frame for the
those trajectories and a Poisson distribution was fitted to this graph. c) Histogram
of the total number of photons for each trajectories which was fitted with an exponential distibution to extarct the average brightness of the Janelia 646 with the
mentioned exposure time.
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The same graphs were plotted for Atto 655 and Alexa 647. Alexa 647 has been
blinking even in live-cell buffer without chemically blinking components. It was hard
to have single trajectories for Alexa 647, especially in higher excitation intensity.
In the following figures, only low and medium excitation intensity were used to
have less blinking events for Alexa 647. As shown in Figure 2.21, photobleaching
lifetime for each dye depends on the excitation laser intensity. Based on this graph,
the IgE-receptor labeled with Atto 655 can be a better option for studying the
transmembrane protein dynamics as it is longer in on state compared to the other
dye. But as mentioned earlier, this dye tends to self-aggregate and also has lower
photon emission rate as shown in Figure 2.23.

Figure 2.21: Mean photobleaching lifetime of three dyes in different excitation laser
intensity. The value for the average photobleaching lifetime is shown in a bar graph.
Each color represent the different excitation intensity. For high excitation intensity,
kW
4.72 cm
2 , the Alexa 647 was photobleached quickly to as no experimantal data was
collected.

Another feature is the photon emission rate, in which the number of photons for
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each emitter has been plotted over time. Higher photon emission rate provides the
higher spatial localization accuracy for a single molecule. As mentioned, due to shot
noise the number of photons is Poisson distributed. To find the photon emission rate
for each experiment, the number of photons for each localization has been plotted.
Based on the histogram, which shown in Figure 2.20 (b) for Janelia 646, the collected
photons was fitted with a Poisson distribution in MATLAB. This feature has been
calculated for three dyes in three experimental conditions and the results exhibit
Janelia 646 emits more photons in all experimental conditions compared to Atto655
and Alexa647. The bar graph in Figure 2.23 provides the results for three used dye
experimental conditions. Based on these results, Janelia 646 with 1

kW
cm2

is the best

option for single-particle tracking with high localization precision.

Figure 2.22: Mean photon emission rate of three dyes in different excitation laser
intensity. The value for the average photon emission rate are shown in a bar graph
for a various experimental conditions. Each color represent the different excitation
intensity. It was impossible to detect the IgE receptors labeled with Alexa 647 with
high excitation intensity.
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The histogram of the brightness for each trajectory has been fitted with an exponential distribution. Figure 2.23 shows the brightness of the three dyes in two
excitation condition as a graph bar. Consistent with the previous results, the Janelia
646 emits more photons in the same experimental conditions compared to two other
dyes. The characterization makes the Janelia 646 as a preferred choice for studying
the transmembrane protein dynamics.

Figure 2.23: Averaged brightness of three dyes in different excitation laser intensity.
The value for the average brightness was shown in a bar graph. Each color represent
the different excitation intensity. It was hard to detect the IgE receptors labeled
with Alexa 647 with high excitation intensity due to blinking event.

In summary, based on non-sticky dyes, having a reasonable photobleaching lifetime, higher photon emission rate and higher photostability which is the consequence
of the brightness, the Janelia 646 is the best option among the far-red dyes for singleparticle tracking. In Chapter 3, we implemented this dye with the with excitation
intensity equals to 1

kW
cm2

to have high spatial precision for single molecules.
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2.6

Chemical Fixation Protocol

In this section, we introduce an optimized chemical fixation protocol for correlative
live-cell imaging and super-resolution experiment. In super-resolution imaging, the
samples are chemically fixed before immunostaining. The reasons are a) to preserve
the cells in life-like conditions, b) to permeabilize cell membrane for labeling intracellular structures, c) to prevent any changes during data collection, especially in
SMLM when a long acquisition time is required. The optimized chemical fixation
protocol usually depends on the structure but generally, it can be classified into two
main categories: organic solvent methods and cross-linking methods. In the former,
an alcohol or acetone buffer is used, and it preserves cells by removing lipids and
dehydrating the cells. Dehydration in cells destabilizes the hydrophobic bonding of
protein molecules and causes a change in the solubility of the proteins. The latter method uses an aldehyde-based buffer, which reacts with the amino groups and
forms cross-links between proteins or their surrounding [63, 64]. The formaldehyde
and glutaraldehyde (GA) fixatives usually provide the best preservation without
distinguishable changes in cell structures [65] although GA is more extensively crosslinked than formaldehyde [66]. In a recent paper, Glyoxal was also considered as
an alternative fixative in super-resolution imaging due to its fast fixation and better
morphological preservation of cells [67]. In our experiment, we found that standard
fixative buffer (%4 PFA) was significantly hypertonic than the solution inside cells
and as a result, cells suffer from a remarkable morphological shrinkage during the
fixation process. This result agrees with what showed for morphological changes by
Lopman et al. for the cells in bone tissue [68].
In this study, we must keep the cell morphology during the fixing of the cells
to find a reliable correlation between single-particle tracking in live-cell and superresolution results in fixed cells.

53

Chapter 2. Correlative High-Speed SPT and SR Microscopy

Here, we tested four fixative protocols for super-resolution of actin microfilaments
in RBL-2H3 cells. They were paraformaldehyde (PFA), GA with triton X-100, GA,
and Glyoxal. Osmolarity for each fixative buffer is calculated in the next section. In
the end, we evaluated these custom fixation protocols for changes in cell morphology,
the speed of fixing proteins, and maintenance of thin actin filaments, ultimately
selecting glutaraldehyde as the best choice.

2.6.1

Osmolarity

Osmolarity or osmotic concentration is defined as the total number of solute particles
in a solution per liter. In chemical concentration gradient condition, particles diffuse
from a region of higher concentration to one of lower concentration. Osmosis is the
passive net movement of water molecules from regions of low concentration into a
region of high concentration to balance the concentration of solute in the solution.
The water molecules can pass through the cell membrane due to their small size.
Figure 2.24 schematically illustrates three osmotic conditions for a cell: hypotonic,
hypertonic, and isotonic.
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Figure 2.24: Effects of osmatic solution on a cell. a) shows a hypertonic buffer, the
cell is in a higher concentration of the solute liquid, and the water molecules go
outward to create a concentration balance. b) the osmolarity of the solution is the
same in both side of the cell; therefore, the net water flow is zero. c)shows the cell
in hypotonic buffer in which cell suffers from high pressure from inside, the water
molecule penetrates the cell, and it swells.

In hypotonic conditions, the osmolarity of the environment is lower than the
inside of the cell, and water molecules pass through the cell membrane to balance
the concentration of the solutes in both sides, and as a result, the cell swells. In
a hypertonic case, the cell suffers from high pressure from the outside, and water
molecules from inside go outward to compensate for the high concentration of the
solutes in solution. In the isonic condition, net water molecule flow is zero, and the
cell membrane is in concentration balance.

Osmolarity Calculation
Osmolarity is the total number of chemical components in a water solution per litre.
In this case, knowing the molarity of each solute and its osmolarity factor leads us
to calculate the osmolarity. The osmolarity factor is defined as the number of kinds
of chemical components when they are dissolved in a solution. For example, in most
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Buffer

In water

In PBS

In PEM

2%GA
2%GA +0.1%Triton
0.6%PFA+0.1%GA+0.25%Triton
3% Glyoxal
PBS
PEM
HANSK

0.20
0.201
0.213
7.15
0.275
0.102
0.307

0.474
0.476
0489
——
——
——
——

0.3
0.3
0.316
——
——
——
——

Table 2.4: Osmolarity (Osm/L) of buffers. PEM is the cytoskeleton-preserving buffer
including 80 mM PIPES, 5 mM EGTA, and 2 mM MgCl2. HANKS buffer is a livecell imaging buffer to keep the cells in a healthy condition, see Appendix A.

case of ionic compound, more than one component is dissolved in water. Sodium
chloride, with chemical formula NaCl, is dissolved in water with two kinds of separate
components: sodium (Na+ ) and chloride (Cl- ). Hence, the osmolarity factor of NaCl
is two. The molarity of a chemical compound is obtained by this formula,
Molarity (M) =

g
)
Density ( ml
mL
)
∗ 1000 (
g
Molar mass ( mole )
L

In Table 2.4, we reported the osmolarity of different buffers, which we used separately as a fixative buffer.

2.6.2

Cell Morphology

For a fixative solution, we tested different concentrations of the PFA, GA, and glyoxal; and triton X-100 (OmniPur, Cat no. 9410), which is a detergent. Detergent
molecule is composed of a hydrophobic non-polar hydrocarbon and a hydrophilic
polar head [69]. The molecular structure similarity of these molecules with the phospholipid enables them to dissolve the phospholipid bilayer and consequently penetrate the cell membrane [69]. Triton X-100 is commonly used in the fixation process
to permeabilize cells, and it impacts on lipid membrane [69].
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Glyoxal has been recently considered as an alternative for PFA as a standard
fixation buffer in super-resolution microscopy [67]. The proposed buffer includes
20% ethanol, which disrupts the membrane structure [70]. Here, we tested a various
combination of the glyoxal and ethanol to evaluate the cell morphology in each case
by IR bright-field imaging.

Experimental Method
The sample preparation prior to adding the fixative buffer is similar for different
fixation protocols. RBL-2H3 cells were plated in minimum essential medium with
10% FBS, 1% penicillin streptomycin and 1% L-glutamine on 25 mm coverslip (#1.5)
in 6-well chamber at 37°C and 5% carbon dioxide. For the first steps of fixing the
cells, we tested two proposed cytoskeleton-preserving buffers PEM (80 mM PIPES
pH 7.2, 5 mM egtazic acid (EGTA), 2 mM MgCl2 ), and MKME (10 mM MES pH
6.1, 138 mM KCl, 3 mM MgCl, 2 mM EGTA, Store at 4°C), and allowed to adhere
to the glass overnight. We found the resolution of actin filaments in RBL-2H3 and
HeLa cells were comparable in both cytoskeleton buffers. Based on the recent papers
suggesting PEM, we picked this buffer for the rest of this study when we imaged
actin filaments [71, 72].
The sample was mounted to Attofluor cell chamber (ThermoFisher, A7816)
suitable for 25 mm coverslip for microscopy. Samples were kept in a HANKS buffer
(Appendix A) without using bovine serum albumin (BSA) and CaCl2 . BSA has an
amino group and reacts with PFA, GA or glyoxal and the efficiency of the fixation
process can be reduced. EGTA in PEM buffer strongly binds to CaCl2 ; hence, CaCl2
was taken from the HANKS buffer protocol. Each fixative solution was added by a
syringe pump in two pumping rate values: fast (22 ml/min) and slow (0.7 ml/min).
To record a time-lapse movie, a CMOS camera detected bright-field images when the
fixative solution was added to the sample. The ratio of the fixative solution to the
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HANKS buffer was 1:1; therefore, the concentration was doubled for (EGTA, MgCl2
in PEM).
To detect the cell morphology when the fixative buffer added to the sample, we
took IR bright-field images by CMOS camera with an exposure time 0.7 s.

Data Analysis
For each fixative buffer, a time-lapse movie was recorded for at least 10 cells. In
this section, only one cell of each experiment was shown in 1 min time window. To
quantify the cell morphology changes, cross-correlation was calculated in the Fourier
domain by comparing each bright-field image with the first one, which was chosen
as a reference image. The correlation coefficient and the found shift between these
images were shown over time for each experiment to illustrate the results analytically.
While the fixative buffer was added to the sample, the focus plain might drift. In
fact, the physical act of adding a new chemical buffer can cause a mechanical shock
and change the selected focus plane [73]. To address this issue, we added gently the
HANKS buffer to HANKS buffer by a syringe pump. In the next section, the results
for nine experimental conditions are presented.

Results
The concentration of the chemical components used in each fixative buffer, was mentioned in each figure. To check the bright-field images changes when a buffer is added,
we tested HANKS buffer to HANKS buffer. As shown in Figure 2.25, the cell morphology remained partially unchanged and 90% cross-correlation between the first
image and the detected images for the rest of the experiment confirms we can still
rely on the bright-field imaging for cell morphology in macro-scale. The found shift
from the bright-field images found in the lateral plane and for the HANKS buffer is
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2 pixels, which is ∼ 200 nm and can be explained when a buffer was added.

Presented in Figure 2.25 to 2.33 are the bright-field image sequences for each
experimental conditions with the cross-correlation coefficient plot to evaluate the
similarity of the cell shape during the experiment for 8 min after adding the fixative
buffer. The found lateral shift for each condition is also plotted.

Figure 2.25: Bright-field image when a HANKS buffer was added to a HANKS buffer.
a) A bright-field images sequence in time step of 1 min from the beginning up to 8
min seconds. b) The correlation coefficient plot for the bright-field image sequence
over time. c) The found lateral shift between the bright-field image sequence is
plotted over time.
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Figure 2.26: Bright-field image when a 2% GA solution was added to a HANKS
buffer. a) A bright-field images sequence in time step of 1 min from the beginning
up to 8 min seconds. b) The correlation coefficient plot for the bright-field image
sequence over time. c) The found lateral shift between the bright-field image sequence
is plotted over time.
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Figure 2.27: Bright-field image when a 2% GA with 0.1% Triton X-100 solution
was added to a HANKS buffer. a) A bright-field images sequence in time step of
1 min from the beginning up to 8 min seconds. b) The correlation coefficient plot
for the bright-field image sequence over time. c) The found lateral shift between the
bright-field image sequence is plotted over time.

61

Chapter 2. Correlative High-Speed SPT and SR Microscopy

Figure 2.28: Bright-field image when a 2% GA with 0.2% Triton X-100 solution
was added to a HANKS buffer. a) A bright-field images sequence in time step of
1 min from the beginning up to 8 min seconds. b) The correlation coefficient plot
for the bright-field image sequence over time. c) The found lateral shift between the
bright-field image sequence is plotted over time.
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Figure 2.29: Bright-field image when a 3% glyoxal with 20% ethanol solution was
added to a HANKS buffer. a) A bright-field images sequence in time step of 1 min
from the beginning up to 8 min seconds. b) The correlation coefficient plot for
the bright-field image sequence over time. c) The found lateral shift between the
bright-field image sequence is plotted over time.
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Figure 2.30: Bright-field image when a 1.5% glyoxal with 10% ethanol solution was
added to a HANKS buffer. a) A bright-field images sequence in time step of 1 min
from the beginning up to 8 min seconds. b) The correlation coefficient plot for
the bright-field image sequence over time. c) The found lateral shift between the
bright-field image sequence is plotted over time.
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Figure 2.31: Bright-field image when a 3% glyoxal with 20% ethanol solution was
added to a HANKS buffer.After the buffer was stabilized, the solution was replaced
with HANKS buffer and this step was performed repeatedly once after that. Image
(a) shows the bright-field images in time step of ∼ 18 second from the beginning
up to ∼ 2.5 min. a) A bright-field images sequence in time step of 1 min from the
beginning up to 8 min seconds. b) The correlation coefficient plot for the bright-field
image sequence over time. c) The found lateral shift between the bright-field image
sequence is plotted over time.
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Figure 2.32: Bright-field image when a 3% glyoxal solution was added to a HANKS
buffer. a) A bright-field images sequence in time step of 1 min from the beginning
up to 8 min seconds. b) The correlation coefficient plot for the bright-field image
sequence over time. c) The found lateral shift between the bright-field image sequence
is plotted over time.
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Figure 2.33: Bright-field image when a 4% PFA solution was added to a HANKS
buffer. a) A bright-field images sequence in time step of 1 min from the beginning
up to 8 min seconds. b) The correlation coefficient plot for the bright-field image
sequence over time. c) The found lateral shift between the bright-field image sequence
is plotted over time.
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Figure 2.34: Bright-field image when a 1.2% PFA solution was added to a HANKS
buffer. a) A bright-field images sequence in time step of 1 min from the beginning
up to 8 min seconds. b) The correlation coefficient plot for the bright-field image
sequence over time. c) The found lateral shift between the bright-field image sequence
is plotted over time.
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Figure 2.35: Bright-field image when a 0.6% PFA solution was added to a HANKS
buffer. a) A bright-field images sequence in time step of 1 min from the beginning
up to 8 min seconds. b) The correlation coefficient plot for the bright-field image
sequence over time. c) The found lateral shift between the bright-field image sequence
is plotted over time.
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Figure 2.36: Bright-field image when a 0.4% PFA solution was added to a HANKS
buffer. a) A bright-field images sequence in time step of 1 min from the beginning
up to 8 min seconds. b) The correlation coefficient plot for the bright-field image
sequence over time. c) The found lateral shift between the bright-field image sequence
is plotted over time.

For all experimental conditions, a sudden drop was happened in the cross-correlation plot when a new chemical buffer was added, but it was partially recovered after
the solution became stable. For the GA family fixative buffer, the cell shape was kept
mostly unchanged and the cross-correlation coefficient wasn’t changed dramatically
after the fixative buffer was added. Triton, as a detergent, dissolves the lipid of
the membrane. When higher concentration of Triton was used, the cross-correlation
coefficient dropped notably.
In the glyoxal buffer experiment, the bright-field images showed a drastic changes
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although after recovering this drop, the cross-correlation was almost constant over
time. The sudden drop was quickly recovered in the glyoxal buffer. This change
might be explained by having different value for the refraction index in HANKS
buffer and fixative buffer because high concentration of ethanol was used. To address
this questions, we replaced the fixative buffer with the HANKS buffer after it was
stabilized. Adding the HANKS buffer was performed twice with the pipettes to
wash all ethanol from the sample. As shown in Figure 2.31, the changes in the
cross-correlation coefficient was partially recovered. Excluding the ethanol from the
fixative buffer could not compensate the falling in the cross-correlation coefficient as
illustrated in Figure 2.32.
PFA is well-known as a standard fixative buffer in super-resolution microscopy
[67]. It was usually used as 4% combined with GA. We showed the 4% concentration
of PFA can significantly change the cell morphology and it was not recovered quickly
compared to other fixative solution. Although lower concentration of PFA may not
effectively fix the cells, we examined for the 1.2%, 0.6%, and 0.4% PFA to evaluate
the cell morphology in lower PFA concentration.

2.6.3

Speed of Fixation

One important aspect in correlative live-cell imaging and super-resolution experiment
is fixing cells immediately. In this approach, we used a syringe pump to add the
fixative buffer. In some fixative solutions, the FcRIs stopped moving immediately.
Consequently, it was shown that those buffers had enough concentration and high
cross-link probability to immobilize these receptors. To do this, we tested different
fixative buffers and observed when the FcRI stopped moving. We have tested for
3% Glyoxal, 2% GA, 2% GA with 0.2 % Triton X-100, and 2% PFA.
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Experimental Methods
RBL-2H3 cells were prepared as mentioned in Section 2.6.2. After 24 hours, samples
were placed into 25 mm coverslip chambers and were labeled with 150 pM of Janelia
646 conjugated to IgE and diluted in HANKS buffer (Appendix A) for 15 minutes.
Cells were washed with a HANKS buffer with BSA and CaCl2 and were kept in this
buffer for live-cell imaging. A sample was mounted on a stage of the microscope
with a home-made chamber holder for imaging. Data collection was taken with 2 ms
exposure time. The fixative buffer, which had been prepared fresh, was added with
the volume ratio of 1:1 to the sample a few seconds after live-cell imaging began.
Adding the fixative solution during the live-cell imaging revealed the effect of the
fixative chemicals to the membrane proteins.

Data Analysis
To analyze data, we used single-particle tracking package (RPT), which was written
by our group For each experiment, we chose single trajectories, which were still
on when the fixative solution was added. These trajectories were plotted for each
experiment over time and shown in result section.

Results
In this section, we illustrate the single-molecule trajectories of FcRIs during adding
the fixative buffer. Figure 2.40 depicts the trajectories while 2% GA added to the
sample after a few seconds of tracking. Most of the receptors stop moving shortly
after the buffer added completely. The black plane in all figures shows the time
when the fixative buffer was added. For 2% GA with 0.1% Triton, this scenario was
repeated and most of the receptors became immobilized as shown in Figure 2.38. In
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the glyoxal fixative buffer, the number of trajectories after the fixative buffer were
not enough to determine the speed of fixation for the receptors in this experimental
conditions.

Figure 2.37: FcRI trajectories in RBL-2H3 cells during adding 2% GA as a fixative
solution. The exposure time was 2 ms.
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Figure 2.38: FcRI trajectories in RBL-2H3 cells during adding 2% GA with 0.1 %
Triton X-100 as a fixative solution. The exposure time was 2 ms.
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Figure 2.39: FcRI trajectories in RBL-2H3 cells during adding 3% Glyoxal as a
fixative solution. The exposure time was 2 ms.
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Figure 2.40: FcRI trajectories in RBL-2H3 cells during adding 4% PFA with 0.2%
GA as a fixative solution. The exposure time to detect the particles was 2 ms.

2.6.4

Super-resolution of Actin Filaments

One requirement of this project was to find an optimized approach for live-cell and
super-resolution imaging with high spatial resolution. The fixative buffer impacts
on the quality of the super-resolution image. Actin structure are prefentially fixed
by PFA or glutaraldehyde [71]. Glyoxal as a new alternative for fixing the cells in
super-resolution imaging has been recently used by Richter et al. [67]. We used
the various fixative buffer and labeled the actin structure to evaluate which fixation
protocols can resolve the thin filaments in high quality.
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Experimental Methods
RBL-2H3 cells were prepared as mentioned in Section 2.6.2, were seeded on 25 mm
coverslips in 6-well chambers in MEM with 10% FBS, 1% penicillin streptomycin, and
1% L-glutamine buffer. After one day of growing, samples were fixed with different
fixative protocols. For this control experiment, we used three fixation protocols: GA,
GA with Triton X-100, and glyoxal as fixative solutions. GA and GA+Triton were
diluted in a PEM buffer (pH 7.4) and the glyoxal was diluted in ddH2 O. For each
fixative solution, the fixation protocol was different.

Glutaraldehyde fixation
• Wash 1x with PEM at 37°C on flat heater
• 2% glutaraldehyde in PEM (pH 7) buffer for 1 hour
• Wash 2x with PBS
• 0.1% NaBH4 treatment in PBS for 5-10 minutes (to quench the autoflourescent
molecules caused by GA and reduce the background)
• Wash 2x with PBS
• 10 mM Tris in PBS for 5-10 minutes (to quench reactive cross-linkers due to
aldehyde fixative solution)
• Wash 2x with PBS
• Block in PBS + 5% BSA + 0.05% Triton X-100 for 15 minutes
• Store cells in PBS at 4°C
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Glutaraldehyde fixation with Triton
• Wash 1x with PEM at 37°C on flat heater
• 2% glutaraldehyde,0.25% Triton X-100 in PEM (pH 7) for 1 hour
• Wash 2x with PBS
• 0.1% NaBH4 treatment PBS for 5-10 minutes (to quench the autoflourescent
molecules caused by GA and reduce the background)
• Wash 2x with PBS
• 10 mM Tris PBS for 5-10 minutes (to quench reactive cross-linkers due to
aldehyde fixative solution)
• Wash 2x with PBS
• Block PBS + 5% BSA + 0.05% Triton X-100 for 15 minutes
• Store cells in PBS at 4°C

Glyoxal fixation
We used the same protocol as described in [67] for the first steps of the fixation
process and changed it in the quenching and blocking steps:
• Wash 1x with PBS at 37°C on flat heater
• 3% glyoxal (40% stock solution from Sigma-Aldrich, #128465), 30% ethanol,
acetic acid (to counter the shrinkage caused by ethanol) in DI water (pH 4 to
5) for 1 hour [Leong AS-Y. Fixation and fixatives. In Woods AE and Ellis RC
eds. Laboratory histopathology. New York: Churchill Livingstone, 1994;4.1-1
- 4.1-26)]
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• Wash 2x with PBS
• 0.1% NaBH4 treatment in PBS for 5-10 minutes
• Wash 2x with PBS
• 10 mM Tris in PBS for 5-10 minutes (to quench reactive cross-linkers due to
aldehyde fixative solution)
• Wash 2x with PBS
• Block in PBS + 5% BSA + 0.05% Triton X-100 for 15 minutes
• Store cells in PBS at 4°C

Labeling and Imaging

The labeling procedure for all fixation were similar. Samples were moved to 25
mm coverslip chambers. For immunostaining the actin filaments, we used Alexa
Fluor 647 Palloidin (ThermoFisher, Cat no. A22287), as a high-affinity peptide to
F-actin. Samples were kept in 0.56 µM of Alexa 647 phalloidin diluted in PBS for
less than two hours, followed by one wash with PBS. Imaging was performed in a
standard dSTORM imaging buffer [7] with an enzymatic oxygen scavenging system
and primary thiol: 50 mM tris, 10 mM NaCl, 10% w/v glucose, 168.8 U/ml glucose
oxidase (Sigma-Aldrich, Cat no. G2133), 1404 U/ml catalase (Sigma-Aldrich, Cat
no. C9322), and 60 mM 2-aminoethanethiol (MEA) (Sigma-Aldrich, Cat no. M650025G), pH 8.5. Images were collected at 100 Hz and 50 image sequence of 2000 frames.
The intensity on the sample plane was 1.5
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Data Analysis

Data images were analyzed with a single molecule localization package (SMASR),
written by our lab , in which the maximum likelihood estimator (MLE) is implemented to estimate localization parameters for each fluorescent molecule as a point
source in each frame [74].
Resolution of an image in super-resolution microscopy depends on the experimental conditions, such as fixation protocol, labeling, intensity on sample plane,
and dSTORM technique, and the concentration of chemicals in imaging buffer.
Fourier ring correlation (FRC) method for super-resolution imaging was introduced
by Nieuwenhuizen et al. [75] to introduce a new average resolution for the total
field of view. This method provides a quantitatively measurement of the average
resolution.

Results

Figure 2.41 to 2.43 show the results for each fixative condition. Generally, GA fixative
has a higher quality super-resolution image of actin thin filaments. As shown in
zoomed image, actin filaments are continuous in both GA and GA combined with
Triton fixation conditions. Figure 2.44 shows the FRC curve for super-resolution
image of actin filaments in RBL-2H3 cells when it was fixed with the 2% GA, 2%
GA combined with 0.1% Triton, and 3% glyocal and the achieved resolution was 42.8
nm, 60.2 nm, and 44.1 nm respectively.
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Figure 2.41: super-resolution image of actin filaments in RBL-2H3 cells fixed by 2%
GA buffer. a) The whole region of a cell. b) Zoomed-in images of the green square
regions of (a). The scale bar is 1 µm.
ts
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Figure 2.42: super-resolution image of actin filaments in RBL-2H3 cells fixed by 2%
GA with 0.1 % Triton buffer. a) The whole region of a cell. b) Zoomed-in images of
the green square regions of (a). The scale bar is 1 µm.
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Figure 2.43: super-resolution image of actin filaments in RBL-2H3 cells fixed by 3%
glyoxal buffer. a) The whole region of a cell. b) Zoomed-in images of the green
square regions of (a). The scale bar is 1 µm.
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Figure 2.44: Fourier ring correlation (FRC) to measure the super-resolution assessment

2.6.5

Discussion

In section 2.6, we explained the technical challenges of the correlative live-cell and
super-resolution imaging. The osmolarity of fixative buffer compared to live-cell
imaging buffer was one main important factor. As we used the various combination
of proper chemicals for fixing the cell in super-resolution imaging, 2% glutaraldehyde
has been chosen as an optimized buffer with respect to cell morphology, quality of
super-resolution of F-actin, and speed of fixation.
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Chapter 3
Confined Motion of FcRI Within
Membrane-associated Structures

3.1

Overview

We applied our optical setup to study the correlation of membrane proteins confined in membrane skeleton structures. One (partial) hypothesis to explain why the
diffusive motion of membrane proteins are slower on the cell surface than those in
artificial lipid bilayers is the effect of cytoskeleton structures on protein dynamics
proposed as the picket-fence model [30]. According to this model, the cell membrane
is compartmentalized into sub-regions, each ∼ 10 to 200 nm in size, created by direct
or indirect interaction of lipids and proteins with actin filaments just below the membrane. To test this hypothesis, we tracked the membrane proteins in Rat Basophilic
Leukemia (RBL-2H3) cells at up to 500 frames per second. The cells were fixed
immediately after tracking and further labeled for super-resolution imaging of actin
filaments were collected. In this chapter, we present the results of the high-speed
tracking within the context of actin structure imaged with ∼ 20 nm resolution.
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3.2

Introduction

The cellular cytoplasmic membrane plays an important role in cell function by linking the intercellular structures with their environment. Cell-to-cell communication,
cell signaling and any responses of a cell to its environment happen with proteins in
the cell membrane. Especially in the immune system, understanding the mechanism
of how the membrane receptors induce cell activation by cross-linking together, is a
milestone in immune response [76, 23, 77]. Complete knowledge of receptors traveling
within the membrane is essential for understanding the restrictions for these proteins
finding each other for cell activation. As previously mentioned, various models have
been proposed to explain membrane architecture and membrane protein dynamics,
but this is still a challenging topic in biology [33]. Although there is still generally accepted detailed model, cytoskeleton-based models are strongly supported by indirect
evidence [33].
Various imaging approaches provide the experimental evidence to show the nonBrownian diffusion of both lipids and proteins within a cell membrane. These approaches include single-molecule tracking with nano-gold particles [30, 31], interferometric scattering microscopy (iSCAT) [78], fluorescence correlation spectroscopy
(FCS) [79, 80], FCS combined with stimulated emission depletion (STED-FCS)
[81, 82, 83], and single molecule localization microscopy in live-cell [17, 84] with
high or spatial temporal resolution up to a few nanometers or milliseconds.
The picket-fence model was proposed to explain the effect of membrane-associated
structures on protein dynamics [30]. Not all of the above experiments directly supported this model, but it is a convincing hypothesis to explain the non-Brownian
motion of proteins and lipids within the cell membrane. Based on this model, proteins and lipids experience transient confinement in a nano-domain and for some
reasons, they can escape and be trapped in a neighboring nano-domain. To ob-

86

Chapter 3. Confined Motion of FcRI Within Membrane-associated Structures

serve this nano-scale ‘hop-diffusion’, the temporal resolution should be milliseconds
[30]. Therefore, the experiment is challenging to achieve high temporal and spatial
resolution simultaneously.
In 2008, our group provided direct evidence that showed confined motion of IgE
receptor (FcRI) in macro domains created by actin bundles in RBL-2H3 cells [17]. In
this study, the FcRIs, which were labeled with quantum dots, were detected simultaneously with actin bundles labeled with green fluorescent protein (GFP). Based on
this experiment, actin-based membrane skeleton impacts on the transmembrane protein dynamics at the micron scale [17]. In another related experiment, single-particle
tracking of channel proteins, combined with live-cell super-resolution imaging of actin
filaments, revealed the transient confinement of membrane proteins effected by the
cortical cytoskeleton [84]. These proteins were tracked with the frame rate of 50
frames per second, and it was proposed higher temporal resolution was not required
as the actin network is a self-similar network creating confined domains. To resolve
the actin filaments, 100 frames were reconstructed. Consequently, the reorganization
of actin filaments was detected within 2 seconds. To the best of our knowledge, this
experiment was the first direct evidence by super-resolution microscopy detecting
the confinement of protein motion confinements due to actin filaments close to the
membrane in nano-domains. A drawback of this framework is not using the sufficiently high temporal resolution as strongly recommended in the original paper on
the picket-fence model [30].
To achieve both high spatial and temporal resolution, we employed the combined
single-particle tracking and super-resolution imaging as described in Chapter 2. This
approach allows the detection of the most actin filaments in nano-scale, meanwhile
recording the protein dynamics in milliseconds. In this chapter, we propose four
main experiments to answer some biological questions related to the confinement of
membrane proteins within nano-domains created by actin-filaments as follows,
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• Does membrane-associated actin cytoskeleton confine the motion of the proteins and lipids in the plasma membrane?
• Does the protein diffusion within actin-free region match that in blobs and
artificial lipid bilayers?
• Do actin bundles provide a stiffer barrier than single filaments?
• Are extracellular leaflet proteins confined via actin filaments or located pickets?
• Are transmembrane proteins more strongly confined than outer leaflet proteins?
• Is hopping in actin corrals due to reorganization of actin?

First, we tracked the FcRI, as a transmemebrane protein in RBL-2H3 cells to see
the transmembrane protein dynamics in the context of actin filaments. Second, the
phalloidin was used to stabilize actin filaments during the single-particle tracking
imaging. Third, the RBL-2H3 cells were treated with phorbol myristate acetate
(PMA) to induce actin filaments bundles providing hypothetically stiffer barriers
for transmembrane proteins movement within the cell membrane [85]. Finally, we
transfected the RBL-2H3 cells to label then track the GPI-anchored protein, as an
extarcellular leaflet protein. These various experimental conditions address each
mentioned question. The molecular structure of these proteins are explained in
Appendix B. The optimized protocol for single-particle tracking of each protein,
fixation protocol for RBL-2H3 cells, and super-resolution imaging of actin filaments
will be explained in Section 3.3.
Section 3.4.1 explains data analysis used to generate the trajectories and superresolution images from raw data. Additionally, Section 3.4.3 introduces a statistical
model to evaluate the correlative behavior of the single-particle trajectories with
respect to the actin structures.

88

Chapter 3. Confined Motion of FcRI Within Membrane-associated Structures
Experimental condition

IgE receptors in RBL-2H3
cells

IgE receptors in phalloidintreated RBL-2H3 cells
GPI-anchor proteins in RBL2H3 cells
IgE recepters in PMA1 treated RBL-2H3 cells

Hypothesis
1) Membrane-associated actin cytoskeleton confines the motion of
the transmembrane proteins in the
plasma membrane.
2) Protein diffusion within actin-free
region matches that in bleb and artificial lipid bilayers.
The stabilized actin filaments generate highly correlated motion.
Extracellular leaflet proteins are
confined via actin located pickets.
Actin bundles provide a stiffer barrier than single filaments

Table 3.1: Hypotheses behind the experimental conditions

In Section 3.5, the above questions and hypotheses will be tested based on the
related experiment. At the end, Section 3.6 highlights a summary of achievements
in this study related to the picket-fence model.

3.3
3.3.1

Experimental Methods
Cell Culture and Labeling IgE Receptor

RBL-2H3 cells were plated in minimum essential medium with 10% FBS, 1% penicillin streptomycin and 1% L-glutamine on a 25 mm coverslip (# 1.5) in a 6-well
chamber at 37°C and 5% carbon dioxide. After 24 hours of growing adherent monolayer of the cells on the coverslips, the sample was mounted on an Attofluor cell
chamber (ThermoFisher, A7816) suitable for a 25 mm coverslip. Samples were
washed once with a warm HANKS buffer (Appendix A) at 37°C. The HANKS buffer
keeps the cells in a healthy environment as the physiological pH and osmotic pressure
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of HANKS are close to media in which the cells grow. Then the cells were labeled
with the IgE conjugated to Janelia Fluor® 646 (Tocris Bioscience, Cat. No. 6148)]

for 15 minutes. To achieve desired labeling densities for single-particle tracking, the
IgE conjugation was diluted in the HANKS buffer to a final concentraion of 150-250
pM. For phalloidin-treatment, the cells were pre-extracted by using 0.05% Saponin
(Sigma, Cat No.) in cytoskeleton-preserving buffer, 80 mM PIPES pH 7.2, 10 mM
EGTA, 4 mM MgCl2 (PEM), and in the presence of 1 pM of Phalloidin-Atto 488
(Sigma, Cat No. 49409) for 20 seconds. The sample was washed 6x with the HANKS
buffer and labeled with the IgE conjugated to Janelia 646 as mentioned earlier. The
phorbol myristate acetate (PMA)-treated samples were pre-incubated for 40 min in
the 50 nM of PMA diluted in HANKS buffer at 37°C, then the IgE conjugated to the
Janelia 646 was added for 20 min. Before taking the live-cell imaging, the sample
was washed once with HANKS and kept in 50 nM of PMA in HANKS buffer during
data collection. For PMA- treatment, the samples were transfected for having the
GFP-actin to observe the actin bundles before starting the main experiment.

3.3.2

Cell Culture and Labeling GPI-anchor Protein

We transiently transfected WT RBL-2H3 cells to express a chimeric membrane anchored GFP-GPI fusion protein. The transfection of the cells allowed for the introduction of plasmid DNA (expressed in the pcDNA3.1 vector (Invitrogen)), which
contained the genes necessary for transcription and eventual translation of the GFPGPI fusion protein. Fluorescent microscopy imaging was used to confirm correct
membrane localization of the protein GFP expression protein. Among various chemical, biological, or physical methods for transfection, we used electrotransfer which
uses an electrical field to increase the permeability of cell membrane, enabling the
plasmid DNA to enter the cell [86].
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The RBL-2H3 cell line was maintained in minimum essential medium (MEM)
with 10% FBS, 1% penicillin streptomycin and 1% L-glutamine, and were plated in
(#1) 8-well Lab-Tek (Nunc) chambers (ThermoFisher Scientific). The RBL-2H3 cells
were transfected using Amaxa protocol (Amaxa prod# DEC-00319) according to the
Amaxa protocol, using the Amaxa system (Program T-20). Plasmid DNA (3 µg) was
added to a separate 1.5 mL micro-centrifuge tube, while the cells were centrifuged for
6 minutes at 1000 rpm, to pellet the cells. Cell media was then removed from RBL2H3 cell pellet, at which point the cell pellet was re-suspended using 100 µL Amaxa
Solution L. Cells were then transferred to the 1.5 mL centrifuge tube containing
the plasmid DNA, followed by brief pipette mixing and the 5 minutes incubation at
RT. The entirety of the cell, plasmid, Solution L mixture was then transferred to an
Amaxa electroporation cuvette. The recommended transfection program was then
used to electroporate the cells (T-020). MEM was then pipetted into the transfection
cuvette and, with pipette mixing, the cell mixture was transferred to 500 mL of
warmed (37°C) MEM. Transfected cells were then transferred to either 8-well LabTek (Nunc) chambers or a 6-well plate and seeded to achieve a single cell density.
Samples were then incubated at 37°C at 5% carbon dioxide for 24-48 hours before
imaging. Immediately before imaging cells were maintained at 37°C and washed 4x
with warm HANKS buffer.

The GFP of the GFP-GPI fusion protein was labeled using an anti-GFP nanobody conjugated to Atto 647N (Chromotek, Cat No. gba647n-10) diluted in HANKS
buffer with the final concentration of 0.001

µg
ml

for 20 min. The samples were washed

once with the HANKS buffer before single-particle tracking imaging.
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3.3.3

Single-particle Tracking

After labeling the membrane proteins, samples were washed with HANKS buffer
and kept in HANKS without bovine serum albumin (BSA) and CaCl2 , to prevent
cross linking with the glutaraldehyde and EGTA , respectively, when the fixative
buffer was added. The live-cell imaging was taken at room temperature to reduce
the thermal fluctuation of actin filaments dynamics during single-particle tracking.
Data collection was taken by the Correlative high-speed single-particle Tracking
and Super-Resolution (CTSR) microscope described in Chapter 2. The sample was
mounted on the stage of the microscope with a custom designed chamber holder. The
membrane proteins were tracked for a few seconds at a frame rate of up to 500 fps,
then the fixative buffer was adding to the sample. During live-cell imaging and adding
the fixative buffer by a syringe pump, the CMOS camera collected bright-field images
to detect cell morphology. The we removed the sample from the microscope and
accomplished the fixation protocol on the bench. Before collecting super-resolution
data, the cells was aligned with a reference image using the IR bright-field registration
(Section 2.3). We used the bright-field image before adding the fixative buffer to the
sample as a reference image cell alignment.

3.3.4

Fixation Protocol

The fixation process was started during while collecting SPT data. After a few
seconds of live-cell imaging, the fixative buffer including 4% GA in cytoskeletonpreserving buffer, 80 mM PIPES pH 7.2, 10 mM EGTA, 4 mM MgCl2 (PEM) was
automatically added in the ratio of 1:1 to the sample which was kept in HANKS buffer
without BSA and CaCl2 . To make this process as quick as possible, a syringe pump
was implemented to add the fixative buffer in less than half a second. To do this,
a BD plastic syringe (10 ml) was connected with an adapter (Cole Parmer, 45508-
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00). Samples were kept for one hour in this buffer then washed 2x with phosphate
buffered saline (PBS) (gibco, Lot No. 2053546) and kept in fresh prepared NaBH4
for 10 min to reduce background fluorescence due to glutaraldehyde, followed by 2
times wash with PBS. To quench reactive cross-linkers, the samples were kept in 10
mM Tris for 10 min, followed by 2 washes with PBS. Finally, samples were blocked
in 5% BSA + 0.05% Triton X-100 for 15 min. At the end, samples were washed once
with PBS and prepared for super-resolution imaging.

3.3.5

Super-resolution Imaging

For super-resolution imaging, samples were labeled with 0.5 µM Alexa fluor 647
phalloidin (ThermoFisher, Cat. No. A22287) diluted in PBS for a few hours. Imaging was performed in a standard dSTORM imaging buffer [7] with an enzymatic
oxygen scavenging system and primary thiol: 50 mM tris, 10 mM NaCl, 10% w/v
glucose, 168.8 U/ml glucose oxidase (Sigma, # G2133), 1404 U/ml catalase (Sigma,
# C9322), and and 60 mM 2-aminoethanethiol (MEA), pH 8.5. To prevent oxygen
permeation into the buffer, the sample was sealed using a clean 25 mm coverslip. As
mentioned in Chapter 2, a piezo stage (MadCity Labs, Nano-LPS100) mounted on a
two dimensional manual stage was installed on the microscope for cell location and
bright-field registration. Before super-resolution imaging, the same cell from live-cell
imaging was found by IR bright-field registration. The global shift of the cell on
the camera region in the lateral direction is ∼ 20 nm [58]. To reduce the possible
experimental drifts such as vibrational and thermal drifts during data collection, we
used the IR bright-field registration before collecting each data set (see Section 2.3).
Figure 3.1 highlights the experimental flow of this experiment over time. The
transmembrane proteins were tracked for a few seconds while the bright-field images
were taken. Fixative buffer was added before the data collection has been finished.
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The sample was removed from the microscope to accomplish the fixation process
and label the actin filaments in the cell. The whole process, not including taking the
super-resolution images, took a few hours.

Figure 3.1: Time flow of a correlative single-particle tracking (SPT) of IgE receptor and super-resolution of actin filaments experiment. SPT was taken for a few
seconds before adding the fixative buffer by a syringe pump. A long fixation process and labeling for actin filaments were performed on the bench. Before taking
super-resolution images, bright-field image was taken to find the position of the cell
accurately in the camera region.

3.4

Data Analysis

All analysis was performed using custom written software named as single molecule
analysis (SMA) package in MATLAB combined with the Statistics Toolbox (The
MathWorks, Inc), and DIPimage [48].
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3.4.1

Localization and Tracking

To find the position of emitters in both live-cell and super-resolution images, first,
the raw data was converted to photon counts by subtracting a camera offset and multiplying by a gain factor, which were found by camera calibration described in section
2.4. For a 2D image, single emitters in each frame are identified as single localized
spots [87]. The method uses a Gaussian filter to reduce image noise (shot noise),
and to highlight regions of rapid intensity changes to detect the peak of the emitters.
After the filtering step, pixel coordinates of local maximums are found and used in a
single emitter fitting algorithm. Each fitting region is assumed to be only one emitter
distributed in a Gaussian model with a specific point spread function (PSF) sigma,
which is defined as the response function of an optical system to a point source.
The parameters of each emitter, which includes the x and y positions, the total photon count, the background photon counts and their standard errors are computed
by maximum likelihood estimation (MLE) on GPUs [74]. In super-resolution data,
after applying a threshold on these parameters, a well-defined set of localizations
is reconstructed to generate a super-resolution image. For single-particle tracking,
a tracking algorithm written based on a linear assignment problem and a cost matrix proposed by Jaqaman et al. [88], connects each localization from one frame to
another frame, and also connects track segments if they belong to one emitter but
the localizations disappear in some intermediate frames. The SMA-SPT package
has been developed for analyzing the single-particle tracking data. I contributed to
rewriting this package and developing statistical functions to characterize the trajectories. These functions include a diffusion estimator and mean square displacement
(MSD).
The data collection for the single-particle tracking was performed ∼ 6 seconds.
To give reliable statistical results for the confined trajectories within actin filaments,
we chose the trajectories ∼ 1 µm away from the edges of the cell.
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3.4.2

Evaluation of Trajectories

Mean square displacement (MSD) is historically the primary approach for classifying
the motion model and determining the diffusion constant (D) especially for Brownian
motion in an isotropic environment [36]. The mathematical definition of MSD is given
by,

MSD(nτ ) =<

N
−n
X

(Xi+n − Xi )2 >

(3.1)

i=1

in which τ is the time lag between two consecutive positions of a trajectory, N is
the number of positions in a trajectory, n is the n-th value of the MSD curve versus
time lag, and Xi is the position coordinates, where for 2D trajectories, X = (x, y).
Several methods are used to calculate the MSD. To calculate the MSD for given n,
i as the current position was chosen i + 1 from the previous loop of the summation.
For example, if n = 2, we averaged based on the (X3 − X1 )2 , (X5 − X3 )2 , ...,
(XN − XN −2 )2 instead of (X3 − X1 )2 , (X4 − X2 )2 , ..., (XN − XN −2 )2 . According to
(3.1), the first values of MSD have smaller n and in the case of large N , results in
having well-averaged MSD values.
The diffusion constant can be extracted from a time-averaged or ensemble-averaged MSD [36] or estimated directly from observed data [37, 89]. For a MSD-based
approach, the number of points to extract D value is critical and can be optimized
based on the observed tracking data [36]. In Chapter 4, we introduce a Bayesian,
Markov Chain Monte Carlo-based approach to estimate diffusion constant based on
the observed data for confined motion. In this chapter, we evaluated the diffusion
constant based on MSD and a model for hop-diffusion and compared the trajectories
of membrane proteins in different experimental conditions.
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Markov Chain Monte Carlo method for Characterizing HopDiffusion
In ‘hop’ movement, the diffusion constant is not assumed to be simply a single
value. For lipid molecules, it was shown that two values existed to explain the entire
motion: Dmicro and Dmacro [31]. Dmicro illustrates the motion within a nano-domain,
while Dmacro interprets the dynamics between nano-domains [31]. Based on the MSD
plot for a particle undergoing hop-diffusion, the first values of MSD are fit by a line
that defines the fast diffusive motion (Dmicro ) that happen within a nano domain,
while the long term performance of the MSD represents the macro behavior (Dmacro ),
which is the averaged displacement over a longer time.
Considering the ‘hop diffusion’, the MSD can be fit with an exponential function
[38]. The following equation represents the fitting function:

MSDfit (t) =

t
L2
(1 − e( )) + 4Dmacro t + Offset
3
τ

(3.2)

in which L is the size of confined region, and τ is ‘equilibriation time’. Dmicro can
be obtained by D =

L2
12τ

[38]. Here, we calculated the ensemble-averaged MSD of

the total trajectories in each experimental condition. To estimate the parameters
including Dmicro , Dmacro , confinement size (L), and offset, we implemented fitting approach using Markov Chain Monte Carlo (MCMC) algorithm. To do this, likelihood
was defined as a Gaussian distribution,

f (Data|Model) =

NY
Data
i=1

√

1
2πσ 2

e−(Data−Model)

2 /2σ 2

(3.3)

in which the mean value is the model, defined by equation 3.2, and the sigma is
calculated as the ratio between the value of MSD from the model for a given time
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and the square root of total number of jumps used at that MSD time lag over the
whole ensemble. Figure 3.2 depicts the ensemble-averaged MSD curve for a simulated
trajectories having ‘hop-diffusion’ with a solid blue line. The noisy MSD curve was
fit with Equation 3.2. The slope of the light green line represents Dmicro and the
slope of the dark green line gives Dmacro .

Figure 3.2: MSD function for hop diffusion. Data is for a IgE receptor confined
within a nano-domain then hopping to other corrals. The model is from equation
(3.2).

3.4.3

Correlation of SPT and Super-resolution Images

This section introduces some statistical and image processing methods to evaluate
the correlation of the single-particle trajectories and actin filaments.
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Noise Removal Filter
Reconstructed super-resolution images of actin filaments might include the background noise from the phalloidin + Alexa 647 floating in the imaging buffer, or from
the unfocused emitters fitted improperly by the single-emitter fitting algorithm. We
filtered out the undesired localizations using the nearest neighbor filtering approach.
In this algorithm, the NNN defined as the number of nearest neighbor for each localization. The distance of NNN for all localizations were calculated using ‘knnsearch’ in
Matlab, then the localizations were kept if all NNN localization were within a neighborhood threshold distance, dThresh .

Figure 3.3: Close-up super-resolution image for noise removal. A super resolution
image of actin structures a) before and b) after the noise removal filter.

Cross-correlation Coefficient
We calculated the cross-correlation coefficient for an image created from the found
positions of the tracked membrane proteins and a super-resolution image of actin
structures surrounding this trajectory. Normalized images were generated to exclude
the brightness of the image in calculation. We employed the cross-correlation to find a
local shift between these images. The possible shift is because of having experimental
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errors including registration errors, and a physical shift for intercellular structures
during the fixation and labeling process. For the bright-field image registration, the
uncertainty in lateral dimension is around 20 nm which was experimentally shown
for microtubules in HeLa cells by Valley et al. [58].

Binary Segmentation of Actin Filaments

We implemented the watershed segmentation transform [90] to identify the nanodomains created by thin actin filaments. Each super-resolution image of actin filaments were segmented in four step process. First, the hot spots were removed if
their values were higher than the 99-th percentile of the total image. Second, a
noise reduction process was applied by using an adaptive Gaussian filter, in which
the filter variance is adapted to both local noise and local variance of the signal.
Third, a watershed transform works like a topographic maps and separates the regions by finding lines around the brightest local point representing its height. This
lines are continuous. At the end, to have a matched segmented thin filaments with
the super-resolution image, a binary image, created from the 25% of the total image,
was multiplied by the outcome image of the watershed step. Figure 3.4 (b) shows
the nano-domains identified by the watershed segmentation approach for a specific
super-resolution image shown in Figure 3.4 (a).
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Figure 3.4: Close-up super-resolution image for actin segmentation. a) A super
resolution image of actin structures. b) Nano-domains created by actin filaments
using the watershed segmentation method. c) overlay of the super-resolution image
of F-actin and nano-domains.

Actin Trajectory Crossing

To evaluate the correlation between the actin structures and membrane protein dynamics, we introduce a model by counting the number or times a trajectory crosses
an actin filament. We compare the number of crossing events to that from motion
that is unaffected by actin. For each observed trajectory, first, we simulated 5000
trajectories diffusing freely regardless of the actin filaments. The simulated trajectories had the same track length, initial position, and blinking behavior (missing
positions in specific frames) with the observed trajectory. Random jump size for a
simulated trajectory was chosen from a pool of jump steps created by an observed
trajectory and the angle of the jump was selected from a uniform distribution on 0
to 2π. The reason for not using the observed diffusion constant (D) to create the
simulated Brownian motion is due to the underestimation of diffusion constant in
confined regions [40]. Second, we counted the crossing number of the F-actin for
each jump of a trajectory. The jump from Xi to Xi+1 crosses the F-actin in Figure
3.5 (a) and crossing number is one, while for Figure 3.5 (b), the crossing number is
zero. This process is repeated for the whole trajectory.
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Figure 3.5: Crossing F-actin in a jump of a trajectory. A jump of a trajectory with
crossing number of a) one and b) zero.

Third, we found the distribution of total crossing number for a random trajectory
in a specific nano-domains using Monte Carlo method. This distribution was not
well-known because the texture of the actin segments are diverse in different region
of a super-resolution image. Finally, the histogram of the crossing number of the
F-actin for unrestricted, simulated trajectories was applied to evaluate the behavior
of observed trajectory. We assumed a null hypothesis that each observed trajectory
behaves like an unrestricted particle with respect to actin structures. This hypothesis
was testing by the P-value, defined as the probability of finding the same or less
crossing events by in the simulated, unconfined trajectories.. In statistical testing, if
the P-value is less than a significance level (α) which is usually chosen 0.05 or 0.01,
the null hypothesis is rejected. In this study, we chose α = 0.05. It means only 5%
of the unrestricted, simulated trajectories can have total crossing number lower than
a confined trajectory in the same nano-domains. Figure 3.6 (a) shows an example
of an unrestricted, simulated trajectory in a given nano-domains. The histogram of
crossing number for this region was obtained by 5000 simulated trajectories as shown
in Figure 3.6 (b).
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Figure 3.6: a) An unrestricted, simulated trajectory in nano-domains created by Factin. b) Histogram of crossing number of F-actin for 5000 unrestricted, simulated
trajectories in the same nano-domains region.

We obtained the P-value for each observed trajectory by considering the fraction
of total number of simulated trajectories having lower crossing number than the
observed trajectory. In Figure 3.7 (a), the observed trajectory for the same nanodomains was shown. The crossing number of F-actin was illustrated by a black line in
Figure 3.7 (b). The mathematical formula to find the P-value for observed trajectory
is,

Pvalue =

NL
NT

(3.4)

in which,NL is the number of simulated trajectories having the crossing number lower
than the observed trajectory, and NT is the total number of simulated trajectories.

103

Chapter 3. Confined Motion of FcRI Within Membrane-associated Structures

Figure 3.7: a) Observed trajectory in nano-domains created by F-actin. b) Histogram
of crossing number of F-actin for 5000 unrestricted, simulated trajectories in the same
nano-domains region. The black line in (b) is the crossing number for the observed
trajectory.

3.5
3.5.1

Results
FcRI in Palloidin-treated RBL-2H3 Cells

Phalloidin is a high affinity peptide to the actin filaments, can stick only to filaments
and stabilizes the actin-actin bonds in the filaments and induce the rate of polymerizations [91]. Consequently, F-actin in the presence of phalloidin is strongly stabilized
against chemical and physical stresses. Additionally, because of low unbinding rate
of the phalloidin [92], the actin filaments are almost structurally unchanged before
starting the fixation process which took for a few seconds. Figure 3.8 shows the
overlay image of super-resolved actin filamnets and trajectories of FcRI generated
from single-particle tracking in a phalloidin-treated RBL-2H3 cell. Each colored trajectory represents a FcRI. As shown Figure 3.9, the IgE receptors trajectories were
confined and partially matched with the F-actin-poor regions. The transmembrane
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proteins are limited to the actin filaments directly as these filaments link to the
membrane from cytoplasmic surface of the cell membrane or indirectly due to other
proteins attaching to the cytoskeleton. Here, we show the results for one sample, but
we repeated the experiment having similar conditions for four samples. The results
for all samples are consistent.
To characterize trajectories, the experimental MSD curves, shown with a solid
blue lines in Figure 3.10, was generated from ∼ 1000 trajectories of three samples with
the same experimental conditions and fit an exponential model introduced in Section
3.4.2 using fitting approach in MCMC framework. For FcRIs in the presence of
phalloidin, the average confinement is L = 0.584 µm2 , Dmicro = 0.188
0.0026

µm2
s

µm2
,
s

Dmacro =

, and offset equals to 0.002.

The MSD curve is consistent with the confined motion for the FcRIs in the
RBL-2H3 cells. However, without the context of the actin cytoskeleton, its confinement can be explained by several reasons due to the membrane architecture as
mentioned briefly in Chapter 1. Figure 3.11 (a) shows the overlay of the observed
trajectories and nano-domains created by the actin structures in two different regions. For each trajectory in a given super-resolution image region, the crossing
number of the F-actin was counted and the histogram was generated for the 5000
unrestricted, simulated trajectories (Figure 3.11 (b)). The black dashed line in this
plot shows the crossing number of the F-actin for observed trajectories. The p-value
for these two examples were obtained 0.0028 and 0.0033 ,respectively. P-value for
some trajectories were obtained higher than the level of significance, which chosen
0.05 in this section. This means we could not reject statistically the null hypothesis
of not having unrestricted movements for observed trajectories. As shown in Figure 3.12, the histogram of P-value for all observed trajectories from three samples
in phalloidin-treated RBL-2H3 cells varies from 0 to 1. However, the 11.69 % of
the total trajectories are strongly confined within the nano-domains created by the
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F-actin. The total number of trajectories in this experimental condition was 77.

Figure 3.8: Overlay of super-resolution image of actin filaments and IgE receptor trajectories of RBL-2H3 cells in phalloidin-stabilized treatment. Each colored trajectory
belongs to one IgE receptor. The scale bar is 1 µm.
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Figure 3.9: Close-up of super-resolution image of actin filaments surrounding each
trajectory of IgE receptor in phalloidin-treated RBL-2H3 cell. The scale bar is 0.5
µm.

Figure 3.10: Mean square displacement of IgE recepters from single-particle tracking data in RBL-2H3 cells in the presence of the phalloidin. The solid blue line is
the ensemble MSD of ∼ 1000 trajectories from three samples with the same experimental conditions. The red line is the fit from the exponential model describing
hop-diffusion.
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Figure 3.11: Observed trajectories of FcRIs in nano-domains of F-actin in the
phalloidin-treated RBL-2H3 cells. a) Overlay of the observed trajectory and nanodomains created binary image of F-actin. b) the histogram of crossing number from
5000 unrestricted, simulated trajectories for each zoomed image. The black dashed
line is the crossing number for observed trajectory. The scale bar is 0.5 µm.
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Figure 3.12: Histogram of P-value for all observed trajectories of FcRIs from three
samples of phalloidin-treated RBL-2H3 cells. Total number of trajectories is 77.

3.5.2

FcRI in Untreated RBL-2H3 cells

The actin structure is a highly dynamics structures in a cell and can rearrange in
1 - 15 seconds [23]. These microfilaments can be assumed as a stable structure
compared to the transmebrane prtoeins dynamics within milliseconds [23], but the
time difference between the live-cell imaging and the fixing the cells may change the
actin structures. Here, we examined the hypothesis of if the actin rearrangement
is required to the hop-diffusion by using the untreated RBL-2H3 cells. Figure 3.13
shows the overlay of the total trajectories with the actin structures. Some of the actin
may have rearranged between tracking and fixation. Presented in Figure 3.14, some
of the single-trajectories were partially confined within the nanodomains created by
the F-actin. There is no apparent evidence if the actin structures surrounding a
single trajectory were the same when the single-particle tracking was collected.
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The ensemble MSD curve was generated based on the ∼ 300 trajectories from
two independent samples with the same experimental conditions. Using the MCMC
approach for fitting the ensemble MSD curve, the fitting parameters were determined
as L = 0.503 µm2 , Dmicro = 0.126

µm2
,
s

Dmacro = 0.0001

µm2
,
s

and offset equals to

0.0003 for FcRIs in the untreated RBL-2H3 cells.

Figure 3.16 shows the overlay of two observed trajectories in the nano-domains of
the compartmentalized membrane. The P-value was calculated 0.0117 , and 0.0044
for the top and bottom of the trajectories shown in Figure 3.16. The P-value histogram of 95 observed trajectories from two independent samples is plotted in Figure
3.17. The probability of having a confined trajectory with respect to actin filaments
was obtained ∼ 14.74 %.
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Figure 3.13: Overlay of super-resolution image of actin filaments and IgE receptor
trajectories of untreated RBL-2H3 cells. Each colored trajectory belongs to one IgE
receptor. The scale bar is 1 µm.
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Figure 3.14: Close-up of super-resolution image of actin filaments surrounding each
trajectory of IgE receptor in untreated RBL-2H3 cell. The scale bar is 0.5 µm.

Figure 3.15: Mean square displacement of IgE recepters from single-particle tracking
data in RBL-2H3 cells. The solid blue line is the ensemble MSD of ∼ 300 trajectories
from one sample. The red line is the fit from the exponential model describing hopdiffusion.
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Figure 3.16: Observed trajectories of FcRIs in nano-domains of F-actin in untreated
RBL-2H3 cells. a) Overlay of the observed trajectory and nano-domains created
binary image of F-actin. b) the histogram of crossing number from 5000 unrestricted,
simulated trajectories for each zoomed image. The black dashed line is the crossing
number for observed trajectory. The scale bar is 0.5 µm.
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Figure 3.17: Histogram of P-value for all observed trajectories of FcRIs from two
samples of untreated RBL-2H3 cells. Total number of trajectories is 95.

3.5.3

FcRI in PMA-treated RBL-2H3 Cells

We treated the RBL-2H3 cells with PMA and repeated the experiment for the FcRI
to examine the hypothesis of the actin bundles create a stiffer barrier for membrane
proteins. As shown in Figure 3.18, the actin bundles generated a different texture of
corrals for the membrane components. The overlay of super-resolution image of these
actin bundles and the colored observed trajectories illustrates the high correlation of
the FcRIs especially in the dense actin bundles. We cropped the super-resolution
image for some observed trajectories, presented in Figure 3.19. In most cases, trajectories were moving along the actin bundles. For the PMA-treatment, we plotted
the ensemble-MSD curve for ∼ 250 trajectories from two samples with the same
experimental conditions. The evaluation parameters from fitting approach for the
experimental MSD curve were obtained as, A = 0.207 µm2 , Dmicro = 0.1513
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Dmacro = 0.063

µm2
,
s

and offset equals to 0.0033.

Similar to the previous experiment, we present two example of the observed
trajectories confined within nano-domains with respect to the actin filaments. The
P-value for top observed trajectory in Figure 3.21 is 0.0004 and for the bottom region
is 0.
The P-value histogram for 73 observed trajectories from two samples illustrates
the confined motion in PMA-treated with respect to actin filaments can happen by
the probability of ∼ 14% (see Figure 3.22).

Figure 3.18: Overlay of super-resolution image of actin filaments and IgE receptor
trajectories of RBL-2H3 cells in PMA treatment. Each colored trajectory belongs to
one IgE receptor. The scale bar is 1 µm.
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Figure 3.19: Close-up of super-resolution image of actin filaments surrounding each
trajectory of IgE receptor in PMA-treated RBL-2H3 cell. The scale bar is 0.5 µm.

Figure 3.20: Mean square displacement of IgE recepters from single-particle tracking
data in RBL-2H3 cells in the presence of the PMA. The solid blue line is the ensemble
MSD of ∼ 250 trajectories from two samples with the same experimental conditions.
The red line is the fit from the exponential model describing hop-diffusion.
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Figure 3.21: Observed trajectories of FcRIs in nano-domains of F-actin in the PMAtreated RBL-2H3 cells. a) Overlay of the observed trajectory and nano-domains
created binary image of F-actin. b) the histogram of crossing number from 5000
unrestricted, simulated trajectories for each zoomed image. The black dashed line is
the crossing number for observed trajectory. The scale bar is 0.5 µm.

117

Chapter 3. Confined Motion of FcRI Within Membrane-associated Structures

Figure 3.22: Histogram of P-value for all observed trajectories of FcRIs from two
samples of PMA-treated RBL-2H3 cells. Total number of trajectories is 73.

3.5.4

GPI-anchored Protein in RBL-2H3 Cells

We tracked the GPI-anchored proteins as an example of an extracellular leaflet protein to examine the ‘hop-diffusion’ in nano-domains created by the actin filaments.
As shown previously [93, 94], the outer leaflet membrane components including the
outer leaflet proteins and lipids undergo a transient confinement in short-term and
hop movement in long-term. However, GPI-anchored proteins were found to have
a faster rate of diffusion than the transmembrane proteins [95]. Figure 3.23 shows
the overlay super-resolution image of the actin filaments with the single trajectories
for the whole cell. We zoomed in some observed trajectories in Figure 3.24. The
GPI-anchored protein has generally less confined trajectories compared to the FcRI
especially in the regions having only thin filaments. Two possible reasons can explain the results. First, the actin filaments were not stabilized with the phalloidin
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and the reorganization of the actin can happen during the fixation process. Second,
the GPI-anchored proteins are not directly affected by the actin filaments due to
not having the intercellular domains. The transmembrane proteins linking to the
actin filaments can create a barrier for these proteins. The ensemble MSD curve of
the GPI-anchored trajectories from ∼ 850 trajectories of two independent samples,
reveals the lower confined area and higher values for diffusion constant compared to
the FcRI trajectories (see Figure 3.25). Fitting parameters for this MSD curve are
A = 0.108 µm2 , Dmicro = 0.95

µm2
,
s

Dmacro = 0.26

µm2
,
s

and offset equals to 0.0024.

In Figure 3.26 (a), the overlay of two observed trajectories of GPI-anchored protein with nano-domains are shown. The histogram of the crossing number for the
same region generated from 5000 unrestricted, simulated trajectories was used to
find the p-value for the related observed trajectory, which was obtained 0.0124 and
0.0754 for top and bottom regions, respectively.

With our proposed method of actin trajectory crossing distribution, it is possible
to detect the difference of the confined behavior of the GPI-anchored proteins and
the FcRIs. In this experiment, we could not find the similarity of the trajectory
pattern with the texture of the actin-poor regions.
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Figure 3.23: Overlay of super-resolution image of actin filaments and GPI-anchored
protein trajectories of the transfected RBL-2H3 cells. Each colored trajectory belongs
to one IgE receptor. The scale bar is 1 µm.
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Figure 3.24: Close-up of super-resolution image of actin filaments surrounding each
trajectory of GPI-anchored protein in transfected RBL-2H3 cell. The scale bar is 0.5
µm.

Figure 3.25: Mean square displacement of GPI-anchored proteins from single-particle
tracking data in RBL-2H3 cells. The solid blue line is the ensemble MSD of ∼ 800
trajectories from two samples with the same experimental conditions. The red line
is the fit from the exponential model describing hop-diffusion.
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Figure 3.26: Observed trajectories of GPI-anchored protein in nano-domains of Factin in the untreated RBL-2H3 cells. a) Overlay of the observed trajectory and
nano-domains created binary image of F-actin. b) the histogram of crossing number
from 5000 unrestricted, simulated trajectories for each zoomed image. The black
dashed line is the crossing number for observed trajectory. The scale bar is 0.5 µm.
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Figure 3.27: Histogram of P-value for all observed trajectories of GPI-anchored
proteins from one samples of phalloidin-treated RBL-2H3 cells. Total number of
trajectories is 39.

In summary, we present the percentage of trajectories where the null hypothesis
was rejected using a level of significance of 0.05 (see Figure 3.28).
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Figure 3.28: Comparison of rejection null hypothesis for membrane protein dynamics
in nano-domains created by actin for four different experimental conditions.

3.6

Discussion

Using high-speed tracking combined with super-resolution imaging provides an effective procedure to detect the highly dynamics motion with the high spatial resolution. The treatment of the actin filaments with the pahlloidin can immobilize them
against the chemical and physical stress. Our data shows examples of the transient
confinement in short period of time and hop-diffusion in longer time motion only
for transmembrane proteins. For transmembrane proteins the actin filaments can
influence directly as a ‘fence’ by being close to the cytoplasmic surface of the cell
membrane and indirectly by interacting to the other transmembrane proteins known
as ‘pickets’. Several reasons exists to explain the transient confinement in millisecond scale and rapid hopping within corrals [23]. First, some transmembrane proteins
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attaching to the filaments and generally known as pickets in the picket-fence model
might transiently detach and as a results the physical barrier due to their existence in
the cell membrane can be loose. Second, picket proteins anchored to the cytoskeleton
and have a limited diffusion. There is a chance to have an opening of a corral in
which the receptor escapes from the current corral. Third, actin filaments link to the
membrane by some proteins and they may temporarily detach from the membrane
[23].
Based on the results for each experimental conditions, actin-correlated movement with transmembrane proteins was confirmed by 11.7 %, 14.7%, and 13.8% for
phalloidin-treated cells, untreated cells, and PMA-treated cells, respectively. For
PMA-treated RBL-2H3 cells, not for all observed trajectories, but some of the IgE
receptors are moving in the direction of actin bunbles, which can be considered as a
strong evidence of the correlative behavior between the actin bundles and the FcRI
movement.
In our data, no evidence was observed for actin-correlated movement with GPI
proteins. It might be still due to collecting single-particle tracking with 2 milliseconds
or the limitation of the analysis.
The limitation of the crossing analysis are some experimental errors including
registration errors, binary skeleton creation error, SPT localization precision. It is
likely that crossing may be less than actually found.
In addition to the experimental limitations, there really may be hops across actin
(which is the hop-diffusion model), SPT frame rate- 2 ms may be seeing some confinement and some hopping. We maybe get much better result at 0.1 ms.
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Chapter 4
Bayesian Estimation of the
Diffusion Constant in an Arbitrary
Landscape of Obstructing
Boundaries

4.1

Overview

The dynamics of membrane proteins can be characterized by the diffusion constant.
An accurate estimate of the diffusion constant from single-particle tracking requires
proper treatment of experimental effects including finite exposure time, localization
error, and blinking of the emitters. In this chapter, we study the diffusion of membrane proteins in an arbitrary landscape of confining boundaries created by actin
microfilaments. A Bayesian approach for estimation of the diffusion constant in
these confined regions is introduced, using Markov Chain Monte Carlo (MCMC).
For free Brownian motion a Gaussian likelihood can cover all features of experimen-
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tal treatment but for the confined region, it needs to be modified. We implemented
the method of image to solve the diffusion equation in two dimension in the presence
of reflected boundary conditions.

4.2

Introduction

Single-particle tracking (SPT) has been used in the past few decades to answer many
biological questions related to molecular dynamics within a cell. To characterize the
motion of these molecules, a range of statistical methods have been employed. The
most conventional method is using mean square displacement (MSD) for a set of
trajectories either in a non-noisy data [96] or considering localization uncertainty
[36]. Based on the MSD curve, the motion model is not well-defined for the observed
trajectories however in the Bayesian framework, it was modified to classify them into
a various motion models [35].
An accurate estimate of the diffusion constant from single-particle tracking requires proper treatments of experimental effects such as finite exposure time, localization error, and blinking of the emitters. Under the assumption of free Brownian
motion, these effects can be treated analytically [37]. Accurate estimation becomes
more complicated in the case of confined or partially bounding regions. If the boundaries are not considered, the diffusion constant can be severely underestimated [40].
In other words, the observed trajectories are centralized within the confined region
away from the boundaries. The reason was obvious with a simulation, as shown in
Figure 4.1, in which each observed position for a single frame is time-averaging over
the detection time during a single frame. Indeed, the particle is truly diffusing within
the exposure time but the detector can capture collected photons from the averaged
position. [40].
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Figure 4.1: Diffusion in confined area with different camera integration time. The
simulated trajectories are centralized due to time-average over the exposure time.

Hidden Morkov model has been used to characterize the confinement of transmembrane protein, in maximum likelihood framework [97] and Bayesian inference
[98]. Beyond the classical machine learning approach, deep learning has been employed to analyze SPT experimental data. The deep learning methods compensate
experimental limitations such as short trajectories, in which the time-averaged MSD
fails [99, 89]. Although this approach has been successful in most cases, it may fail
when the amount of data is limited or landscape-dependent.

To account for the experimental effects, we used a likelihood considering the
potential intermediate trajectories between the observed emitter localizations The
proposed trajectories are accepted by comparing the average of the intermediate
locations with the observed locations. Figure 4.2 depicts in a simulation, one possible
trajectory (blue line) for 10 observed localizations (red spots) in a confined square
region.
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Figure 4.2: Confined motion in a square. The red spots are the observed positions
and the blue line is one possible hidden trajectory.

Here, we describe a Bayesian approach that uses Markov Chain Monte Carlo
(MCMC) - based method for estimation the diffusion constant of a membrane protein
moving in any arbitrary landscape of confining boundaries. In essence, we are using
MCMC to make a likelihood-weighted integral over all possible trajectories in the
bounding landscape. The result is a posterior probability distribution of the diffusion
constant. The normal distribution likelihood, describing the diffusion within a finite
integration time of detector, is well-defined for a free Brownian motion although it
can not cover the effect of boundary condition in a confined region. We used the
method of images to simplify the solution of the diffusion equation in two dimensions.

4.3

Mathematical Methods

We propose a new mathematical model based upon a MCMC method in a Bayesian
framework. Monte carlo is a class of computational methods that count on random
sampling to obtain the actual probability distribution. Combined with a Markov
chain, which is a stochastic process describing a sequence of possible events depend
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only on the previous event, provides a practical method to generate a chain with
a desired distribution. The MCMC approach is a powerful mathematical technique
especially for multi-dimensional functions which are analytically difficult to deal with.
Enough samples are required for the obtained chain to closely match the actual
distribution. In this model, possible intermediate trajectories are scanned by a Monte
Carlo method and the observed trajectory has been compared to the time-averageing
positions of the intermediate trajectories to follow the observed data.

4.3.1

Bayes Theorem

Bayes theorem gives the conditional distribution for the unknown parameters when
data is taken into account. In statistical inference, the Bayes theorem is described
as,

P (A|B) =

P (A)P (B|A)
P (B)

(4.1)

in which, P (A), the prior, is the initial probability of having values for A, P (B|A), the
likelihood, is a function of the parameter A when a set of given evidence (B) is fixed,
P (B) the normalization factor, is the evidence probability when all possible values
of the parameter (A) are considered, and P (A|B), the posterior, is the probability of
A having data B. According to 4.1, the posterior is proportional to the prior times
the likelihood [100].
In the diffusion estimator model, the unknown parameters are diffusion constant
and the trajectories. The data of this model is all localizations from single-particle
tracking and their localization uncertainties.
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4.3.2

Prior Distribution

The Prior is the probability distribution of an unknown parameter before considering
any observation [100]. Among various prior options, the non-informative ones provide
general information about the parameters space [100]. We use the Jefferys prior
which is the square root of the determinant of the Fisher information matrix [100].
As obtained by Fisher information, it means the parameter probability not only
depends on the observed data but it counts all possible data expected for the proposed
parameters. For the standard deviation parameter of a normal distribution, the
Jefferys prior is mathematically obtained as,
p(σ) ∝

1
σ

(4.2)

In Brownian motion σ 2 ∝ D, therefore in the diffusion estimator model, we used

√1
D

as the prior probability.

4.3.3

Likelihood Distribution

The likelihood distribution describes the chance of a particular value for an unknown
parameter given a data [100]. This is conceptually different from the probability of
the particular outcome for data given parameters. The likelihood gives the connection between the statistical model and the observations. For example, the maximum
likelihood approach is employed to estimate the parameters of the model given the
data.
Here, the likelihood gives the probability of a particular diffusion constant (D)
with specific intermediate trajectories for observed trajectory with given localization
uncertainties. The goal of the proposed model is calculating D based on the latent
trajectories which are hidden and experimentally inaccessible. To connect D as a
parameter to the experimental data, only the intermediate trajectories that have a
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time-averaged positions close to observed localizations within the localization uncertainties are chosen. For free region, we assume the particle is moving freely and
the normal distribution is suitable to describe the motion within exposure time of
the camera. As a result, the proposed likelihood for unbounded diffusion in two
dimensions includes the observing likelihood and the diffusing likelihood as given by,

L(O|D, {X}) =

NO
Y

N (< {X} >Time , O, OSE )

NSub
NObs
Y

N (Xn+1 , Xn , D)

(4.3)

n=1

i=1

in which O is the observed positions and OSE is the related uncertainties of the
single-particle tracking data, D is diffusion constant, {X} is a set of positions of
an intermediate trajectory and depends on the number of sampling for an observed
position, NO is the number of observed position, NSub is the number of sampling
positions for one observed data. N (X, µ, σ) is the normal distribution to calculate
the probability of finding X close to µ with the precision of σ. In 4.3, the first normal
distribution, diffusing likelihood, describes diffusion of the intermediate trajectory,
and the second normal distribution, observing likelihood, is the probability of finding
the time-averaged intermediate positions close to the observed positions.

4.3.4

Posterior Distribution

The posterior probability is given straightforawrdly from the Bayes’s rule, (4.1). It
is conceptually the probability of the parameters given a set of data. The posterior distribution modifies the prior knowledge by considering the observed data.
We extracted the diffusion constant for observed trajectory based on the posterior
distribution of the D which is given as,

Posterioir(D, {X}|O) ∝ Likelihood(O|D)Prior(D, {X})
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The posterior distribution of D given the found positions for a single-particle tracking
data was obtain by 4.4.

4.3.5

Proposing a Jump

In MCMC, the samples from the parameters space are generated using various methods. Here, we present two MCMC approaches that we applied for the diffusion
estimator algorithm.

Metropolis - Hasting Algorithm
In the Methropolis - Hastings (MH) approach, a Markov chain is used to propose a new state considering the current state. The acceptance ratio is given by
PosteriorNew
r = min{1, Posterioir
} and with the probability of r, the propoal distibution is acOld

cepted. For diffusion estimator algorithm, parameter space includes the diffusion
coefficient and coordinates of intermediate trajectories in two dimensions. The proposal distribution for the diffusion constant is a normal distribution with a jump size
defined as a factor of the initial guess of diffusion constant which is calculated from
the observed trajectory.
DNew = DOld + dD

(4.5)

in which dD was randomly chosen from a normal distribution.
Coordinates of an intermediate trajectory was updated based on the current
coordinate plus a a random number chosen from a normal distribution with the
standard deviation of jump size, dJ. In Brownian motion, jump sizes between two
successive positions have a normal distribution. Mathematically, the i-th position in
a given intermediate trajectory was updated based on this equation,
i
i
(xiNew , yNew
) = (xiOld , yOld
) + (dx, dy)
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in which, dx and dy were picked independently from a normal distribution with the
jump size defined as a factor of the mean displacement of the observed trajectory.
The acceptance probability of the proposed state is given by the ratio of the posterior
distribution which is a product of prior and likelihood distribution (see Section 4.3.4)
We used the natural logarithm of the posterior for computational convenience.
Two tuning parameters (dD, dJ) exist for the proposal distribution in the proposed diffusion estimator algorithm when the MH algorithm was used. The speed
of convergence of the MH algorithm depends on tuning and appropriate proposal
distribution. The tuning parameters must be chosen to have a balance of acceptance
rate and the chain’s auto-correlation function to escape the local traps in actual posterior distribution. This tune-up of the parameters requires multiple re-run of the
algorithm. For some problems, Gibbs sampling is preferred which is discussed in the
following section.
For the diffusion estimator algorithm, we implemented the MH method as follows,

• Initializing the chain to an initial guess (see Section 4.3.6).

• Proposing a new random value for diffusion constant from a normal distribution
given by (N (DNew , DOld , dD)) and a new intermediate trajectory having a set of
i
i
random positions from a normal distribution given by N (XNew
, XOld
, Jump size),

in which X = (x, y)

• Calculating the ratio of natural logarithm of the posterior distribution for the
proposed parameters (D,sub-trajectory) and current parameters.
• Accepting the proposed parameters if log( PPNew
) < log(r), in which, r is a
Old
random number from a uniform distribution between 0 and 1.
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Gibbs Sampling Algorithm

Gibbs sampling is based on the conditional distribution in which new parameters are
updated for one parameter at a time [101]. It is known that updating parameters in
a Gibbs sampler increases the efficiency of the algorithm [102]. In Gibbs sampling,
the proposed parameters are chosen from the conditional distribution, therefore the
posterior for the parameter must be known.
In diffusion estimator algorithm, we considered a scenario in which the parameters
for the new states were updated from a conservatively chosen proposal distribution
(to ensure the reasonable acceptance rate), including a set of coordinates for intermediate trajectories and D. Each time only one parameter was updated which can
be either D or a position in trajectory, {Xi }, The posterior distribution of D, in
free Brownian motion, can approximately described with a gamma distribution of
the mean displacement from the intermediate trajectories. The mean displacement,
given mathematically as < (Xi+1 − Xi )2 >, has a mean value equals to zero and
unknown standard deviation. It was shown in Appendix C.1 that the posterior for
a parameter described by a normal distribution having known mean value and unknown standard deviation can be formulated as a gamma distribution. Here, the
parameter for gamma distribution are, the number of positions in intermediate trajectories as the shape parameter, and summation of the displacement as the rate
parameter (see Appendix C.1). The samples for D is chosen from proposed gamma
distribution for a particle diffusing in a free region. However in confined motion, a
simple normal distribution for displacement is not sufficient to describe all features
of the motion especially in the vicinity of the boundaries. Therefore, for a particle
diffusing in a confined landscape, we implemented the MH algorithm to propose a
new value for D as a parameter in the Markov chain.
The coordinates of a given intermediate trajectory in a Markov chain was updated
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for one coordinate at each time in Gibbs algorithm. For the beginning and the end
position of the intermediate trajectories, the proposed coordinates were given by a
normal distribution described by the following equation,
N =

1
2
2
e−(xi −xi+n ) /4Ddt e−(yi −yi+n ) /4Ddt
4πDdT

(4.7)

in which, D is the proposed diffusion constant, dt is the time elapsed for the intermediate trajectory, and n = 2 (=NSub NObs − 1) for the beginning (ending) position
of the current intermediate trajectory. As mentioned earlier, the parameter NSub is
the number of sampling one observed data with the sub-positions, which is an input
to the diffusion estimator algorithm. The time elapsed for the intermediate trajectory was calculated by dt =

dT
NSub

in which dT is the time elapsed of the observed

trajectory or in the other word the exposure time of the camera.
To update other coordinates of the intermediate trajectory at a time, a normal
distribution, given by 4.8, was used.

N =

1
2
2
e−(xi+1 −xi−1 ) /2DdT e−(yi+1 −yi−1 ) /2Ddt
2πDdt

(4.8)

The interpretation of this proposed distribution is that choosing the i-th position
of the intermediate trajectory from a Brownian motion occurring within two fixed
(i + 1)-th and (i − 1)-th positions of the trajectory.
This proposed distribution considered only the diffusing part of the likelihood
which indicated in Section 4.3.3. The proposed intermediate trajectory is required
to be compared with the observed localizations. To address this issue, the MH
algorithm was used for calculating the acceptance rate.
In summary, for the diffusion estimator algorithm, we implemented the Gibbs
sampling method as follows,
• Initializing the chain to an initial guess (see Section 4.3.6).
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• Proposing a new random value for diffusion constant from a gamma distriP Sub NObs (ri+1 −ri )2
bution, γ(NSub NObs , N
) using the Gibbs algorithm for coni=1
2
fined region and from a normal distribution, N (DNew , DOld , dD) using the MH
method for free region.
• Updating the coordinates of the intermediate trajectory one at a time based on
the likelihood for proposed D, and calculating the ratio of observing likelihood
for the proposed intermediate trajectory.
• Calculating the ratio of natural logarithm of the likelihood for the proposal
parameters (D,sub-trajectory) and current parameters.
• Accepting the proposal parameters if

log(LNew )
log(LOld )

< log(r), in which r is a random

number from a uniform distribution between 0 and 1.

4.3.6

Initial Guess

In practice for MCMC algorithms, after an initialization period, also known as burnin period, the realizations of the chain are collected as dependent samples following
the actual posterior distribution.
We used two sets of initial guess for the parameters including D and a set of coordinates for an intermediate trajectory. For the initial guess, we derive the parameters
from the observed data.
We calculated the D0 as the mean displacement of the observed data divided by
the observed time elapses. The initial guess for the intermediate trajectory coordinates has two options. In the first scenario, we identified them as the centralized
observed positions. For each observed position, we consider NSub positions at each
observed localization in the initial guess for intermediate trajectory. In the other scenario, we generated a Brownian bridge between two successive observed data from a
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normal distribution with the standard deviation proportional to the D0 .

4.3.7

Method of Images

The proposed likelihood in Section 4.3.3 is well-defined for the Brownian motion
in a free region, which is a normal distribution and a proper solution of the two
dimensional diffusion equation given by 4.9,

1 dP (x, y, t)
d2 P (x, y, t) d2 P (x, y, t)
+
=
2
2
dx
dy
D
dt

(4.9)

in which, P (x, y, t) is the probability function of a particle propagating a particle
from the current position to a new position in the time interval of t with the diffusion
coefficient of D. Using the Fourier transformation, the solution of this equation is
simplified as a normal distribution independently in x and y direction in which the
normal distibution is the Green function of the equation 4.9. For a homogeneous
environment, D is scalar.1

1D Confined Brownian Motion with Reflected Boundary Condition
In the case of confined motion, the integral of the Fourier transformation is limited
within the allowed region. The solution of the diffusion equation in the reflected
Brownian motion in 1D, as shown in the Figure 4.3 is given by [103],
P (x, t) = √

−(x−x0 )2
−(x+x0 )2
1
(e 2Dt + e 2Dt )
2πDt

(4.10)

This solution satisfy the reflected boundary condition,
∂P (x, t)
= x0
∂x

at x = 0.

(4.11)

1 For

simplicity, we consider the D as a scalar for the diffusion estimator algorithm
proposed in this chapter.

138

Chapter 4. Bayesian Estimation of the D in an Arbitrary Confined Landscape
The second term in 4.10 can be interpreted as a new source at −x0 . Therefore, the
probability distribution given the reflected boundary conditions is a superposition of
two sources at x0 and −x0 . This interpretion can be explained conceptually that the
propagating from x0 to any position, x, is not only possible with a stairght line, the
other possible way is given by reflecting from the wall, as shown in Figure 4.3. In
fact, the problem of two sources at x0 and −x0 is equivalent to the problem where
there is a source at x0 and a reflecting boundary at x = 0.

Extending this idea for parallel boundaries, illustrated in Figure 4.4, many fictitious sources can be replaced for the boundary and described as many reflecting
ways exist for propagating from x0 to x.

Figure 4.3: The reflected boundary condition in 1D for the diffusion equation. Propagating from x0 to x are a straight line and reflected from the boundary. Propagating
from x0 to x in the presence of the boundary can be replaced with an extra source
which is the image of x0 respect to the boundary.
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Figure 4.4: Propagating from x0 to x with two parallel boundary in one dimension.
The number of way to reach at x is infinite, that can be reinterpreted by having
infinite number of images.

2D Confined Brownian Motion with Reflected Boundary Condition

The method of images described above for one-dimensional system is directly extended to higher dimensional systems. For perpendicular boundaries in 2D, as shown
in Figure 4.5, 4.10 can be extended in two independent one dimensional system as the
x and y are independent coordinates and the boundary conditions can be separated
in two one-dimensional bondaries. A solution of diffusion equation, 4.9 is,

P (x, y, t) = P (x, t)P (y, t) = [ √

−(x−x0 )2
−(x+x0 )2
−(y−y0 )2
−(y+y0 )2
1
1
(e 2Dt +e 2Dt ][ √
(e 2Dt +e 2Dt ]
2πDt
2πDt
(4.12)

Expanding 4.12, four sources are appeared with the position of (x0 , y0 ), (x0 , −y0 ),
(−x0 , y0 ), and (−x0 , −y0 ). The coordinates of these sources which are replacing by
the reflected boundary conditions shown in Figure 4.5 (b).
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Figure 4.5: Propagating from x0 to x with two parallel boundary in two dimensions.
The number of way to reach at (x, y) is given by four ways which can be reinterpreted
by having four images.

Using the method of images is computationally affordable since the solution is
given in terms of normal distributions. For this project, we implemented the method
of images to define the likelihood for a confined motion in any arbitrary landscape
as shown in Figure 4.7 (a). The method of images can be readily extended for nonperpendicular boundaries in which the solution of the diffusion equation using the
‘Separation of Variables’ is hard to be simplified for computational algorithm. The
reason for this complicity is that the boundary conditions are not separable in x and
y. However, it is straightforward to extend the superposition of probabilities in more
complicated landscapes using the method of images. Figure 4.6 depicts the number
of images and the positions for different values of the angle between the walls, α. For
α = 60, , α = 45, and α = 30, the number of images is respectively 5, 7, and 11 to
have a normalized probability in allowed regions. In general, the number of images
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required to have a normalized probability is given by,
NImage =

2π
−1
α

(4.13)

Figure 4.6: Number of images in non-perpendicular boundaries. The number of
images depends on the angle between the boundaries.

Figure 4.7: a) A particle is diffusing within an arbitrary landscape. b) Probability
from xi to xi+1 in the presence of reflecting boundaries can be described by the
I2
probability from the images (xi , xI1
i , xi ) to xi+1 in free space.

In an arbitrary landscape, shown in Figure 4.7, the angle of the boundaries is
not well-defined, and as a result the number of images is not an integer number.
To address this problem and also to simplify using this method computationally, we
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approximately only considered the first order image for each boundary and rescale
the probability distribution to have a normalized function in allowed regions. The
scale factor depends on the current position x0 and the angle of the boundaries α.
The mathematical formalism for deriving the probability distribution used for the
likelihood part of the diffusion estimator algorithm, is discussed in Appendix C.
In the diffusion estimation algorithm, we classified the positions of an intermediate
trajectory into two regions. For those positions centered, free likelihood was used
and for those close to the boundary, we chose the imaged likelihood and only use
one image for each position. The likelihood was rescaled to be normalized for each
positions.

4.4
4.4.1

Results
Free Space and Free Likelihood

To evaluate the diffusion estimator algorithm, we simulated a particle diffusing in a
free space with a known diffusion constant. We generated an intermediate trajectory
with a track length of 500 and time-averaged for 10 positions (NSub = 10) to obtain
the observed data. From single-particle tracking data, each observed position has a
localization uncertainty. Here, for the simulation, we used 0.01 nm. Figure 4.8 (a)
shows the true simulated trajectory in blue line, and (b) depicts the intermediate
trajectories at chain=1000. This illustrates the sampling during the Markov chain
is close to the real trajectory in a simulation. We used the Metrapolis - Hastings
algorithm to run the code. The histogram of the posterior distribution of D, given
in Figure 4.9 illustrates the diffusion estimator algorithm obtained the diffusion constant accurately. For this example, D was estimated 1.23 µm2 /s from the observed
positions which confirms that long time resolution (2 ms) cause the underestimation
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of the D even in free Brownian motion. The time resolution for the true trajectory
was 0.2 ms.
We repeated this simulation and using the Gibbs sampling algorithm to compare
the speed of convergence with Metrapolis - Hastings algorithm. The histogram of
the posterior distribution for D illustrates the accurate estimation was obtained in
the Gibbs sampling approach for free Brownian motion. To compare the speed of
convergence in MH algorithm and Gibbs sampling, we plotted the chain of D in
Figure 4.11 and 4.12.

Figure 4.8: Intermediate trajectory for a free Brownian motion. a) True trajectory
for the simulation. b) Intermediate trajectory at chain 1000.
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Figure 4.9: Histogram of diffusion constant in free region when Metropolis - Hastings
approach used.

Figure 4.10: Histogram of diffusion constant in free region when Gibbs sampling
approach used.
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Figure 4.11: Evaluation of diffusion constant in Markov chain for free region for
Metropolis- Hastings approach.

Figure 4.12: Evaluation of diffusion constant in Markov chain for free region for
Gibbs sampling approach.
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4.4.2

Confined Square and Free Likelihood

For a confined region, we examined a trajectory with the same track length and
diffusion constant mentioned in Section 4.4.1 in a square. To simulate true trajectory,
we used the reflected boundary conditions. As shown in Figure 4.13 (a), the true
trajectory was widely spread in the confined region while the observed trajectory
generated by time-averaging the positions is centralized. Therefore, the diffusion
constant from the observed positions was more underestimated compared to the
free region. In Figure 4.13 (b), the intermediate trajectory at chain 10000 was
shown. Comparing the true trajectory and the intermediate trajectory in Markov
chain illustrates the likelihood may need to be modified for the confined region.
The likelihood for this section was simply a normal distribution. As shown for the
histogram of the posterior distribution of diffusion constant in Figure 4.14, the effects
of the boundary conditions underestimate the diffusion constant when free likelihood
has been used. We examined the MCMC approach by modifying the likelihood from
the method of images, the underestimation of the diffusion constant still exist but
the result was improved by imaged likelihood.
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Figure 4.13: True intermediate trajectory for a confined motion in a square

148

Chapter 4. Bayesian Estimation of the D in an Arbitrary Confined Landscape

Figure 4.14: Evaluation of diffusion constant in confined square for Gibbs sampling
approach using the free likelihood.

Figure 4.15: Evaluation of diffusion constant in confined square for Gibbs sampling
approach using the imaged likelihood.
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Chapter 5
Comparing Lifeact and Phalloidin
for Super-resolution Imaging of
Actin Filaments

5.1

Overview

Visualizing the actin filaments in fixed cells is of great interest for a variety of topics
in cell biology research such as cell division, cell movement, and cell signaling. We
implement a single molecule localization microscopy approach as a super-resolution
approach to investigate differences between Lifeact labeled with phosphatable organic
dye Atto 655, and the cytotoxin Phalloidin labeled with Alexa 647. By directly
labeling and imaging of F-actin proteins, and comparing the results, we investigate
the possibility of replacing phalloidin, the standard reagent for fluorescent superresolved imaging of F-actin in fixed cells, with Lifeact.
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5.2

Introduction

Actin is one of the main cytoskeletal structures and a highly-abundant protein in
most eukaryotic cells [104]. It can be either a free monomer known as a G-actin
or a part of a polymer called F-actin. Under biological conditions, monomers (Gactin) regulate and twist around each other to create the filament (F-actin) [105].
Assembly and disassembly of actin filaments cause it to be involved in multiple
cellular processes including but not limited to cell shape, cell mobility, cell division,
and intracellular transport [106]. Among the possible agents able to visualize actin
structures, the ones used for fluorescent imaging are of great interest. A variety of
fluorescent probes have been compared for imaging of actin structures in both live
and fixed cells [107, 108]. Main venues for imaging actin are actin chromobodies
[109], utrophin [110], F-tractin [111], silicon rhodamine (SiR)-actin [112], taggedactin [113], green fluorescent protein (GFP)-actin [114], phalloidin as an F-actinbinding reagent [115], and finally the recently discovered F-actin-binding peptide,
Lifeact [116]. The binding site of the actin filaments for each peptide have been
reported by Melak et al. [108]. Among the mentioned probes, the most used ones
are phalloidin for fixed cells and Lifeact for both fixed and live-cell imaging.
Phalloidin, a heptapeptide derived from a poisonous mushroom Amanita Phalloides has proved a reliable source for visualization of actin structures [117]. Microfilaments of cells can be labeled with phalloidin through simple chemical protocols
making the cell membrane permeable for the labeled peptide [115]. Phalloidin binds
selectively to F-actin and prevents filament depolymerization and stabilizes the Factin, which makes it a less than ideal choice when imaging live cells since it will
force the actin structure out of its normal formation and function, causing a toxic
effect that leads to cell death. In addition to its toxic effect, phalloidin does not
permeate into the cell membrane naturally so one needs to treat the cells with a
membrane-permeable buffer which affects the live cell functions. For these reasons,
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phalloidin is not a proper agent for live cell imaging; however, due to the small size
of the phalloidin compared to y, it is still a great option for labeling actin filaments
in fixed cells.
Secondly, the recently discovered 17-amino-acid peptide, Lifeact, which stains
F-actin in eukaryotic cells and tissues has found great appeal in live-cell imaging.
Lifeact does not interfere with actin dynamics in vitro and in vivo and can be used for
visualization of actin dynamics in non-transfectable cells. Lifeact has a dissociation
constant approximately 30 times smaller for G-actin vs. F-actin, which shows it is a
good candidate for labeling F-actin [116]. Although Lifeact is the prime reagent used
for imaging the live cell, phalloidin still remains the standard for fixed cell imaging.
There are some aspects of Lifeact that make it quite an interesting candidate for
fixed cell imaging as well. Here, we evaluated two common labeling methods, using
Lifeact and phalloidin to visualize actin filaments in fixed cells for two kinds of cells,
HeLa and rat basophilic leukemia (RBL-2H3) cells.

5.3
5.3.1

Experimental Methods
Cell Culture

HeLa cells were cultured in Dulbecco’s Modified Eagle Medium (Life Technologies,
Cat No. 10313-v021) supplemented with 10% cosmic calf serum (HyClone), 1%
penicillin-streptomycin (ThermoFisher, Cat No. 15140122), and 2 mM L-glutamine
(ThermoFisher, Cat No. 25030081) on 25 mm coverslip (# 1.5) in a 6-well chamber
at 37°C and 5% carbon dioxide. RBL-2H3 cells were plated in minimum essential
medium with 10% FBS, 1% penicillin streptomycin and 1% L-glutamine on a 25 mm
coverslip (# 1.5) in a 6-well chamber at 37°C and 5% carbon dioxide.
For both HeLa and RBL-2H3 cells, the samples were fixed with the same fixa-
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tive protocol after 24 hours of growing a mono-layer of the cells on the coverslips.
All labeling and washing steps were carried out at room temperature unless stated
otherwise. Cells were washed with a warm cytoskeleton buffer composed of 80 mM
pipes, 5mM EGTA, and 2 mM MgCl2 (PEM) at pH 7.2 on a flat heater. The first
fixative step was in 0.6% paraformaldehyde with 0.1% glutaraldehyde and 0.25%
Triton diluted in PEM buffer for 60 seconds and followed by the hard fixative buffer
including 4% paraformaldehyde and 0.2% glutaraldehyde diluted in PEM for ∼ two
hours. Cells were washed 2x in phosphate buffered saline (PBS) (gibco, Lot No.
2053546) and kept in NaBH4 for 10 min to reduce background fluorescence due to
glutaraldehyde, followed by a 2x wash with PBS. To quench reactive cross-linkers,
the samples were kept in 10 mM Tris for 10 min, followed by 2 washes with PBS.
Finally, samples were blocked in 5% BSA with 0.05% Triton X-100 diluted in PBS
for 15 min. At the end, samples were washed 1x with PBS and prepared for the
labeling process.

5.3.2

Labeling and Super-resolution Imaging

Two labeling and imaging approaches for actin filaments are compared and evaluted.
Alexa 647 conjugated to phalloidin was diluted in PBS at the final concentration of
0.56 µM to label the F-actin for each cell. The samples were labeled for ∼ one
hour. After washing the samples with PBS once, the standard dSTORM buffer was
added [7]. This buffer includes an enzymatic oxygen scavenging system and primary
thiol: 50 mM tris, 10 mM NaCl, 10% w/v glucose, 168.8 U/ml glucose oxidase
(Sigma, Cat No. G2133), 1404 U/ml catalase (Sigma, Cat No. C9322), and 60
mM 2-aminoethanethiol (MEA) (Sigma-Aldrich,Cat No. M6500-25G) at pH 8.5, to
provide a suitable chemical condition for having a photo-switchable Alexa 647 dye.
For the Lifeact experiment, the sample was labeled during data collection. The
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3 nM Lifeact (Bio-Synthesis) conjugated to Atto 655 was diluted in the imaging
buffer which we optimized to 10 mM HEPES, 150 mM NaCl2 , 10% glucose, and
0.1% BSA. In section 5.3.3, we optimized the imaging buffer to have a high quality
super-resolution image for several hours.
For data collection, the samples prepared on 25 mm coverslips were placed into
an Attofluor cell chamber (Life Technologies, Cat No. A-7816), then the imaging
buffer based on one of the approaches was added. A clean 25 mm coverslip was used
to seal the chamber for avoiding oxygen permeation into the buffer to minimize the
photobleaching event. Taking images for this project was on total internal reflection condition to excite only emitters close to coverslip. In total internal reflection
flourescent microscopy (TIRFM), in which the evanscent elctromagnetic field of the
laser decays exponentially from the coverslips, consequently a depth of only ∼ 100
nm of the sample medium can be excited [118]. This method reduces the background
noise during data collection compared to wide-field imaging. TIRFM is indispensible
especially for Lifeact as the peptide labeled with photostable Atto 655 was floating
in the buffer.

5.3.3

Experimental Condition Optimization for Lifeact1

The imaging buffer for the Lifeact experiment was optimized to have a high quality
super-resolution image. We used Fourier ring correlation (FRC) to evaluate the
reconstructed images [75, 119]. This method will be explained briefly in Section
5.4.2. The optimization of the imaging buffer was performed when the excitation
laser intensity was set to ∼ 10

kW
cm2

on the sample plane. Lifeact exchanges on the

filaments averagely every 0.4 s [12], and the blinking event happens due to the binding
and unbinding process of this peptide, especially when a high photostable fluorescent
1 The

figures of this section were placed in Appendix C
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probe is conjugated to it. For this project, we picked the Atto 655 which has high
photostability among other ‘red-absorbing’ dyes especially when no thiol is used in
the imaging buffer [45]. Therefore, the stochastic process of on/off states can be
explained just by Lifeact exchanges. We used custom written software from our lab
to optimize the exposure time for the Lifeact experiment (see Section 5.4.1).
The imaging buffer should be also stable in pH. We first started with 10 mM
HEPES (ThermoFisher, Cat No. 15630080), 150 mM NaCl, 10 % Glucose, and
0.1 % bovine serum albumin (BSA) (Sigma Aldrich, A3294) (HNGB), pH 7.2 and
used 168.8 U/ml glucose oxidase (Sigma, Cat No. G2133), 1404 U/ml catalase
(Sigma, Cat No. C9332) as an oxygen scavenging system. The bright spots on the
coverslip from a non-specific target increased the background noise over time (Figure
D.3). To deal with this issue, we tested the piranha cleaned coverslip but it wasn’t
helpful (Figure D.4). As a next try, we changed the buffer to 50 mM Tris, 10 mM
NaCl, 10% w/v glucose (TNG) combined with the same oxygen scavenger to prevent
photobleaching of Atto 655 (Figure D.5) although with more experience we found
that the photobleaching of Atto 655 was negligible compared to the binding and
unbinding rate of Lifeact to F-actin [12]. In both cases, the bright spots remained on
the coverslip and reduced the signal to noise ratio (SNR). To block the non-specific
binding, we employed the BSA in the TNG buffer (Figure D.6). The results were
improved but for long term imaging of Lifeact labeled with Atto 655, the bright
spots still decreased the SNR. Additionally, we examined different concentrations of
Lifeact labeled with Atto 655 and found the best one is between 0.7 nM to 1 nM
(Figure D.9 to D.15). The super-resolution images of this section can be found in
Appendix D.
In summary, we finalized the imaging buffer with HNGB without using any oxygen scavenger, using the lower excitation laser intensity to have 4.72

kW
cm2

on the

sample. The exposure time was adjusted to 40 millisecond, which was obtained from
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a maximum likelihood estimator (MLE) written by our lab (section 5.4.1). This
value was almost consistent with the one was used in [12, 120].

5.4

Data Analysis

This section introduces the statistical methods used for data analysis for this Chapter. Firstly, we explained briefly the single-molecule fitting algorithm used to localize
the emitters from super-resolution imaging. Secondly, a maximimum likelihood estimator (MLE) has been used to optimize the exposure time for blinking events
of the Lifeact experiment using the Markov Chain Monte Carlo (MCMC) method.
Thirdly, the Fourier ring correlation (FRC) is briefly explained as a measurement of
the average resolution over a super-resolution image introduced Nieuwenhuizen et al.
[75].

5.4.1

Super-resolution Data Analysis

To localize single-molecule emitters from the experimental raw data of super-resolution imaging, we implemented custom-written software in Matlab (The MathWork,
Inc.) combined with the image processing software DIPImage [48]. The algorithm
steps were explained in section 3.4.1.
The In single-molecule localization microscopy, photo-switchable probes are randomly blinking and being localized individually if sample is sparse enough. For
phalloidin experiments, the blinking rate associates with the photophysical property
of Alexa 647 and the imaging buffer conditions while in lifeact experiments, the binding and unbinding of the peptide, lifeact, is dominant for blinking event. In both
cases, the blinking rate of the fluorescent probe conjugated to the peptide should
be consistent with the frame rate of the detector to collect the maximum number of
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emitted photons from the fluorescent probe in one frame, that leads having higher
localization precision for a single-molecule [49]. However, due to the stochastic process of the on/off state, a number of emitters can still be on for more than one frame.
In this case, the emitters can be potentially localized with a higher localization accuracy when they combined as one emitter. To address this issue, we introduced
a statistical approach known as the ‘frame connection algorithm’2 to combine the
same emitters in two successive frames and improve the localization accuracy for
that specific emitter.

5.4.2

Frame Connection

Frame connection takes the time-ordered localizations computed from a super-resolution image and attempts to combine them via a single emitter model in which the
maximum distance and maximum frame gap between two localizations are specified
(defaults are 4 pixels and 2 frames). The level of significance (LoS, default is 0.01)
represents the minimum probability for which the null hypothesis that the two localizations come from a single emitter is not rejected. If the value computed for
the probability is greater than the LoS and the other conditions hold, then the two
localizations are combined. This process examines through all localizations resolved
in an experiment. If two localizations have positions and localization errors (x1 , σ1 )
and (x2 , σ2 ), then the combined position and error is given by
s
x1
+ σx22
1
σ12
0
0
2
and σ =
x = 1
1
1
+ σ2
+ σ12
σ2
σ2
1

2

1

(5.1)

2

therefore, the log likelihood ratio that the two localizations represent a single emitter
follows as,
1 x1 − x0 2
x2 − x0 2
log R = − [(
) +(
)]
2
σ1
σ2
2 This

function was written in C++ in SMA software package from our lab.
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The likelihood ratio is given by R =

L(D|θ0 )
,
L(D|D)

where the numerator is the likelihood

(probability) L of the data D given the parameters θ0 described above for the single
emitter model. L comes from the product of two Gaussian distributions:

L=

1
p

e
2

2πσ1

(x −x0 )2
− 1 2
2σ1

!

1
p

e
2

(x −x0 )2
− 2 2
2σ2

2πσ2

!
=

− 21

1
e
2πσ1 σ2

"

x1 −x0
σ1

2 
2 #
x −x0
+ 2σ
2

.

(5.3)

The corresponding p-value (which is compared to the LoS) is


NDoF −2 log R
1
2
γ
,
Pvalue = 1 − χCDF (NDoF , −2 log R) = 1 −
2
2
Γ NDoF
2

(5.4)

where NDoF is the number of degrees of freedom and hence the spatial dimension,
data
−
Ndim , in the situation when two localizations are combined into one (NDoF = NDoF
model
NDoF
). Γ and γ are the gamma function and the lower incomplete gamma function,

respectively. For NDoF = 1, 2, 3,

p


erf x2 ,
NDoF = 1


x
χ2CDF (NDoF , x) =
1 − e− 2 ,
NDoF = 2

q

p
√

 erf x − 2 e−x/2 x, NDoF = 3
2
π

(5.5)

Note that in 2D (NDoF = 2), the p-value is exactly R.

5.4.3

Optimized Exposure Time for Lifeact Experiment3

The lifetime of binding Lifeact to F-actin has an exponential distribution with average
1
,
Koff

in which Koff is the unbinding (off) rate of the Lifeact. To estimate the average

lifetime of binding, the localizations from the same emitters in successive frames
are connected by the ‘frame connection’ function. The Koff parameter has been
3 This

part of the project has been accomplished by Mohamadreza Fazel in Prof. Keith
Lidke’s lab.
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estimated in the MLE using the Markov Chain Monte Carlo method. The likelihood
is as follows,

(N Ke−Kb )c e(N Ke
L(K|N, b, c) =
c!

−Kb )

(5.6)

where K is the rate of unbinding events, b represents the number of connected frames,
c is the number of localizations with a specific number of connected frames (b), and
N is the entire number of localizations.

For the Lifeact experiment when excitation laser was set to 4.72

kW
cm2

on the sam-

ple plane, the optimized frame rate for the Lifeact binding event was obtained: ∼ 25
frames per second ( 40 millisecond for the optimized exposure time). The found unbinding time for the Lifeact from F-actin was obtained based on the MLE approach
modeled with a Poisson distribution with a parameters fitted with an exponential
parameters. Figure 5.1 shows the results when the data was collected for different exposure times. The histogram of unbinding time was fit with an exponential
distribution.
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Figure 5.1: Histogram of unbinding time of Lifeact for various exposure times. In
each plot, the exposure time for data collection was a) 25 ms, b) 30 ms, c) 33 ms, d)
35 ms, e) 38 ms, and f) 45 ms. The found unbinding time using MLE appraoch was
a) 39 ms, b) 42.4 ms, c) 44.5 ms, d) 40.5 ms, e) 42.5 ms, and f) 41.5 ms.

5.4.4

Nearest Neighbor Filter

After performing the single-emitter fitting algorithm to localize the emitters from
the experimental raw data, the super-resolution image had some localization from
the non-specific adsorption of the dye-peptide to the coverslip, which seemed it was
smoothly distributed everywhere of the image (Figure 5.2 (a)). This noise was more
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obvious in the Lifeact experiment. To filter out the non-specific localizations, we used
the ’nearest neighbor filter’ for all super-resolution images in both labeling methods
to filter out the undesired localizations.
In the algorithm, the NNN is defined as a number of nearest neighbor for each localization. The distance of NNN for all localizations was calculated using ‘knnsearch’
in Matlab, then the localization was kept if all NNN localization were within a threshold distance, dThresh . Figure 5.2 shows a super-resolution image from the Lifeact experiment in HeLa cells, before (a) and after (b) filter process. In this super-resolution
image, we used NNN = 5 and dThresh = 0.25 in pixels, which has a 6 nm size.

Figure 5.2: Close-up super-resolution image of the actin filaments using the nearest
neighbor filter. Close-up super-resolution image of actin filaments in HeLa cells
labeled with the Lifeact + Atto 655 (a) before and (b)after filtering.

5.4.5

Fourier Ring Correlation

To estimate the resolution from the super-resolution microscopy image, we used
the Fourier ring correlation (FRC) [75, 119], which measures the average resolution
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over a single super-resolution image. In this method, the localized single emitters
of a super-resolution image are divided into two statistically independent subsets.
Subimages are generated from each of these subsets, the Fourier transforms of which
are then correlated over pixels on the perimeters of circles of constant spatial frequency. The image resolution is defined as the inverse of the spatial frequency
when the FRC curve drops below a threshold of 1/7. All analyses were accomplished using the MATLAB software developed by Nieuwenhuizen et al. [75] found
at http://www.diplib.org/add-ons. It is also available in SMA package on GitHub.

5.5

Results

Two labeling approaches have been employed to compare the super-resolution images
of actin filaments in fixed HeLa and RBL-2H3 cells. FRC was used to find the average
resolution measure in each experimental condition. In Figure 5.3 and 5.4, the actin
filaments of HeLa cells were shown after applying the nearest neighbor filter with
NNN = 5, and dThresh = 0.25. These parameters were the same for both labeling
methohds. The FRC curve was compared in Figure 5.5 for three HeLa cells obtained
from independent samples where the actin filaments were labeled with Lifeact +
Atto 655 and phalloidin + Alexa 647, separately. The average resolution measure
for the Lifeact experiment was obtained 68.03 nm from FRC while it was 54.13 nm
for the phalloidin experiment. The FRC is based on the label density per emitter.
The same scenario has been repeated for F-actin in RBL-2h3 cells. The average
resolution measure from experimental data for RBL-2H3 cells was obtained 63.86
nm, 44.1 nm for Lifeact and phalloidin, respectively.
The size of the peptide sticking to the protein target is ∼ 12 nm whilst each
subunit of F-actin is 6 nm [12]. Each phalloidin binds to two actin sub-units [92]. In
Figure 5.3 (b), the green arrows pointing to the thin filments in the super-resolution

162

Chapter 5. Comparing Lifeact and Phalloidin for SR Imaging of Actin Filaments

image of F-actin in both HeLa and RBL-2H3 cells labeled with the Lifeact, confirms
that Lifeact can generally label more F-actins than phalloidin. The green arrows in
magnified reconstructed images in Figure 5.3 (b) and 5.4 (b), point to thin filaments.
In a Lifeact experiment, it appears most parts of a thin filament are detected over the
reconstructed image while the missing localizations of a filament are distinguishable
as shown Figure 5.4 (b) in phalloidin experiment. Only the trace of the thin filaments
are predictable in a phalloidin experiment. Beyond this, in Figure 5.3 (b) bottom,
the partially missing filaments close to the actin bundles can be explained by the
single-emitter fitting algorithm. Two close emitters are rejected in the single-emitter
fitting method as the shape of the emitters from raw data can not fit with a singleGaussian model (by thresholding due to the p-value). Additional evidence of the
continuous thin filaments in Lifeact experiment are depicted in Figure 5.6 (b) where
the actin structures were resolved in RBL-2H3 cells. The green arrows in Figure 5.6
(b) and 5.7 (b) exhibit the continuous filaments in the Lifeact experiment and sparse
localizations in the phalloidin experiment, respectively.

These results compare agreeably with the previously reported using Lifeact to
label actin structures [12].
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Figure 5.3: Super-resolution image of F-actin labeled with Lifeact + Atto 655 in a
Hela cell. a) F-actin of a part of cell. Zoomed-in images of the F-actin in the green
square of (a) in a dense thin filament region (top) and thin filaments close to the
bundle region (bottom). The green arrows point to some thin filaments. The scale
bar is 1 µm.
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Figure 5.4: Super-resolution image of F-actin labeled with phalloidin + Alexa 647
in a Hela cell. a) F-actin of a part of cell. Zoomed-in images of the F-actin in the
green square of (a) in a dense thin filament region (top) and thin filaments close to
the bundle region (bottom). The green arrows point to some thin filaments. The
scale bar is 1 µm.
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Figure 5.5: Fourier ring correlation (FRC) curve for the super-resolution images of
actin structure in HeLa cells. Each green FRC curve is for a super-resolution image
of actin structures in a HeLa cell from an independent sample labeled with Lifeact
+ Atto 655. The blue FRC curve is the super-resolution image of actin structures
labeled with phalloidin +Alexa 647 in a HeLa cell for an independent sample.
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Figure 5.6: Super-resolution image of F-actin labeled with 1 nM of Lifeact + Atto
655 in a RBL-2H3 cell.a) F-actin of the whole cell. b) Zoomed-in images of the
F-actin in the green square of (a) in two dense thin filaments regions. The green
arrows point to some thin filaments. The scale bar is 1 µm.
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Figure 5.7: Super-resolution image of F-actin labeled with phalloidin + Alexa 647 in
a RBL-2H3 cell. a) F-actin of the whole cell. b) Zoomed-in images of the F-actin in
the green square of (a) in two dense thin filaments regions. The green arrows point
to some thin filaments. The scale bar is 1 µm.
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Figure 5.8: Fourier ring correlation (FRC) curve for the super-resolution images of
actin structure in RBL-2H3 cells. Each green FRC curve is for a super-resolution
image of actin structures in a HeLa cell from an independent sample labeled with
Lifeact + Atto 655. The blue FRC curve is the super-resolution image of actin
structures labeled with phalloidin +Alexa 647 in a HeLa cell for an independent
sample.

The number of localizations in each frame were plotted in both the Lifeact and
phalloidin experiment. Figure 5.9 compares the number of emitters fit per frame for
the HeLa cells in both the Lifeact (5.9 (a)) and phalloidin (5.9 (b)) experiment. This
plot is for the super-resolution image shown in Figure 5.3 and 5.4. The same graph
has been shown in Figure 5.10 for RBL cells. As mentioned earlier, the blinking events
for the Lifeact experiment mostly happen due to binding/unbinding the peptide to
F-actin. The dissociation constant (Kd )
4 The

4

of peptides is defined as the ratio of the

affinity is introduced as the inverse of the dissociation constant.
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off-rate and on-rate constants.

Kd =

on-rate
off-rate

(5.7)

The dissociation constant to F-actin has been measured for Lifeact as 2.2 ± 0.3 µM
[116], and for phalloidin as 85 nM [92]. Consequently, the dominant blinking behavior of the phalloidin experiment is due to the blinking of the fluorescent probe
(Alexa 647 in this project) as the dissociation constant of phalloidin is negligible.
To have a define blinking event, the labeling buffer was replaced with the dSTORM
buffer including a thiol (MEA) to make a proper chemical environment for having a
photoswitchable dye. Both low on-rate and not having enough concentration of phalloidin + Alexa 647 make to have low quality super-resolution imaging after an hour
for actin structure. The reason can be explained by having high background noise
because the Alexa 647 conjugated to phalloidin is floating in the buffer, and having
a lower number of localizations due to the low number of the peptide (phalloidin)
binding to the protein target (F-actin).
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Figure 5.9: Number of localizations per frame. a) Number of emitters fit per frame
in a super-resolution image of actin filaments labeled with lifect + Atto 655 in a
HeLa cell. b) Number of emitters fit per frame in a super-resolution image of actin
filaments labeled with phalloidin + Alexa 647 in a HeLa cell.
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Figure 5.10: Number of localizations per frame. a) Number of emitters fit per frame
in a super-resolution image of actin filaments labeled with lifect + Atto 655 in a
RBL-2H3 cell. b) Number of emitters fit per frame in a super-resolution image of
actin filaments labeled with phalloidin + Alexa 647 in a RBL-2H3 cell.

Confirming with the mentioned disadvantage of using phalloidin, we took superresolution imaging of the actin structures labeled with Lifeact and phalloidin for a
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few hours. Figure 5.11 (a) shows the super-resolved actin filaments (top) of a HeLa
cell, which was labeled with Atto 655 cojugated to Lifeact. Data collection started 10
min after adding the imaging buffer including the Lifeact + Atto 655. The magnified
image of the same experiment illustrates the thin F-actin can be resolved with high
quality in the Lifeact labeling approach as expected. As shown in Figure 5.11 (b)
and (c), the quality of super-resolution image was still high even after ∼ 7 hours
and ∼ 17 hours, respectively. The magnified images in the bottom depict the thin
filaments in high concentration regions. On the other hand, super-resolution images
of actin filaments in phalloidin-treated cells, shown in Figure 5.12, elucidate that a
high quality super-resolution image can be achievable in the first hour of replacing the
labeling buffer with the imaging buffer. Figure 5.12 (a), (b), and (c) were collected
after changing the buffers within 5 min, ∼ hour, and ∼ 2 hours.
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Figure 5.11: super-resolution image of F-actin in HeLa cells labeled with Lifeact +
Atto 655 for a long-term experiment. a) super-resolution image was collected 10
min after adding the labeling and imaging buffer, the whole camera region (top), a
magnified image of a dense region of actin filaments (bottom). b) super-resolution
image was collected ∼ 7 hours after adding the labeling and imaging buffer, the
whole camera region (top), a magnified image of a dense region of actin filaments
(bottom). c) super-resolution image was collected ∼ 17 hours after adding the
labeling and imaging buffer, the whole camera region (top), a magnified image of a
dense region of actin filaments (bottom). The scale bar is 1 µm.
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Figure 5.12: super-resolution image of F-actin in HeLa cells labeled with phalloidin
+ Alexa 647 for a long-term experiment. a) super-resolution image was collected 5
min after adding the labeling and imaging buffer, the whole region of camera (top),
a magnified image of dense actin filaments region (bottom). b) super-resolution
image was collected an hour after adding the labeling and imaging buffer, the whole
region of camera (top), a magnified image of dense actin filaments region (bottom).
c) super-resolution image was collected ∼ 2 hours after adding the labeling and
imaging buffer, the whole region of camera (top), a magnified image of dense actin
filaments region (bottom). The scale bar is 1 µm.

5.6

Discussion

Lifeact peptide attached to F-actin is more effectively labeling the thin filaments
compared to phalloidin not only in HeLa cells but it was shown in RBL-2H3 cells
as well. The FRC resolution measure showed generally the higher quality super-
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resolution image collected in Lifeact labeling than the phalloidin. Blinking events of
the Lifeact experiment is due to the binding and unbinding event especially when a
high photostable fluorescent probe like Atto-family is employed. The photobleaching
lifetime of these dye are negligible compare to the dissociation constant of the Lifeact.
Consequently, no oxygen scavenger is required and makes this labeling technique
more practical for live-cell imaging. The other reason of choosing Lifeact for live-cell
imaging to study actin dynamics is the impermeability and toxicity of phalloidin.
Additionally, due to replacing the labeling buffer in phalloidin-treated cells with
the imaging buffer, which includes the dSTORM chemical condition for fourescent
probes and also low dissociation constant of the phalloidin to F-actin compared to
the Lifeact, the signal to noise ratio is decreasing over time. Additionally because of
the same argument, number of localization over time substantially decreased after
thousand frames in phalloidin labeling although it is always constant for Lifeact not
only for one cell imaging even after hours and it makes it still valuable for actin
visualization to collect more data from one sample.
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Appendix A
Live-cell Imaging Buffer
In live-cell imaging, it is vital that cells be kept in healthy and closely as possible to
physiological conditions including temperature, pH, oxygen tension, food, and water.
Here, we used the optimized live cell imaging buffer from Prof. Diane Lidke at UNM
Pathalogy department. This buffer maintains the cells in healthy conditions up to
4 hours outside the incubator for live-cell imaging. The listed materials should be
added to double-distilled water (ddH2 O) to avoid forming precipitates.

• 10x solution of Hanks Balanced Salt Solution (HBSS) (Invitrogen, SKU#14065056)
• 1 M 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid (HEPES)
• 10% Bovine Serum Albumin (BSA)
• 1 M glucose
• 0.4 M MgSO4
• 0.1 M CaCl2
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• 1.4% NaHCO3
• ddH2 O
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Appendix B
Molecular Structure of FcRI and
GPI-anchored Protein in RBL-2H3
cell

B.0.1

IgE Receptor

To study the dynamics of transmembrane proteins, FcRI was chosen. It is a highaffinity receptor to the antibody Immunoglobulin E (IgE), which is involved in various
allergic reactions. This single pass transmembrane protein is composed of four subunits: two extracellular IgE-binding α subunits, and two intercellular parts: the β
and γ chain contain immunoreceptor tyrosinebased activation motifs (ITAMs) which
are important in signal transduction (see Fig. B.1). The last two subunits have no
role in ligand binding [61].
Exploiting this tight binding enables labelling of the resting receptor with minimal
disruption to normal cell physiology, providing a highly specific and relevant probe
of receptor dynamics and membrane topography.
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Figure B.1: A schematic structure of FcRI. This membrane protein has four subunits: the α chain, which binds with antibodies and has an external part and β and
two γ chains, which contribute to the cell signaling.

B.0.2

GPI-anchored Protein

The basic structure of a GPI-anchored protein consists of phosphoethanolamine
linker, glycan corem and phospholipid tail [121]. It is a outer leaflet protein as shown
schematically in Figure B.2. Having no intercellular domains makes this protein as
a proper choice for studying the membrane protein dynamics [94, 122]. Proteins
composing a GPI anchor are important for cell signaling and in immune response
[121]

Figure B.2: A schematic structure of GPI-anchored protein.
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B.0.3

Actin Structures

A cytoskeleton is a complex network of filaments and tubules that extends throughout
the cytoplasm; it is almost everywhere inside the cells. In eukaryotes, it is a highly
dynamic structure that be reorganized continuously as the cell moves, changes in
shape, and/or divides. It is composed of three main polymers: actin filaments,
microtubulins and intermediate filaments [123]. Our focus is on actin filaments, which
are highly concentrated in the region close to the cell membrane. They are important
for the surface movement on cells. Actin structure is composed of monomers (Gactin) and polymers (F-actin). The monomers twist around each other to make
filaments. The filaments are 4-7 nm in diameter and several microns in length.
Actin filaments are forming a network by different kinds of proteins known as actin
binding proteins. These actin filaments are dense beneath the plasma membrane
[123], which makes them important in membrane dynamics.
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Appendix C
Renormalization Factor
We solved the diffusion equation in reflected boundary condition using Method of
Images in the last section. This solution leads us the probability of propagating of a
particle close to the boundary in all space, which is,
N

I
X
1
2
2
)
e−(x−xi ) /4DdT e−(y−yi ) /4DdT
L=(
4πDdT i=1

(C.1)

in which, A is the allowed area of the particle in confined region and NI is the
number of images plus the original xi position. For each corner, we can consider the
particle is only confined within two segments (Figure C.1). In this case, the number
of images depends on the corner. To simplify the formula for computational method,
we only consider the first two images and by this, the likelihood is not normalized to
one in allowed region. To solve this problem, we rescale the likelihood and find the
normalization factor CN , which depends on the angle of the corner.

C.1

Acute angle

The angle between two segments is α which is shown in Figure C.2. Indeed, this
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Figure C.1: a) A particle is diffusing within an arbitrary landscape. b) Probability
from xi to xi+1 in the presence of reflecting boundaries can be described by the
I2
probability from the images (xi , xI1
i , xi ) to xi+1 in free space.

angle is the slope of the second segment of the corner, m = tan(α) (in the case of
acute angle, m > 0). To find the the normalization factor CN , we have to solve the
integral of the total distribution in allowed region and find Ci , which is a contribution
factor of each image. To find the Ci , we have to solve this integral,
Z mx
Z ∞
NI
X
1
2
−(x−xi )2 /4DdT
e−(y−yi ) /4DdT dy = 1
)
Ci
e
dx
(
4πDdT i=1
0
0
For simplicity, we mention here only for one image,
Z ∞
Z mx
1
2
−(x−xi )2 /4DdT
Ii = (
)Ci
e
dx
e−(y−yi ) /4DdT dy
4πDdT
0
0

(C.2)

(C.3)

Consider the second part of the integral, if I use the ’Changes of Variable’ method
to solve this integral:
(y − yi )
u= √
4DdT

1
therefore du = √
dy
4DdT

yi
With the new variable, if y = 0, then u = − √4DdT
and if y = mx, u =

substituting these to (C.3), the integral can be written as,
Z ∞
Z √mx−yi
√
4DdT
1
2
2
Ii = (
)Ci
e−(x−xi ) /4DdT dx( 4DdT )
e−u du
y
4πDdT
0
−√ i
4DdT
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Figure C.2: Acute angle at the corner

The second term can easily be replaced by the error function but the question is
whether it depends on the yi or not. If yi > 0 then the second term of (C.4) is
simplified as,
(Z

√
Ii2 =

4DdT
√

=

0

e

−u2

−yi
√
4DdT
−yi
√
4DdT

( Z
4DdT −

mx−yi
√
4DdT

Z
du +

)
e

−u2

du

0

e

−u2

Z
du +

0

mx−yi
√
4DdT

)
−u2

e

du

0


√ 
√
π
−yi
mx − yi
) − erf( √
) + − erf( √
)
= ( 4DdT )(
2
4DdT
4DdT
If yi < 0 then equation (C.4)
√
Ii2 =

( Z
4DdT −

−yi
√
4DdT

e

−u2

Z
du +

0

√
=
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√
4DdT

−u2

e
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du +

0
−yi
√
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√
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As I showed above the sign of yi is not important Based on this calculation, the (C.3)
can be written as
1
)Ci
Ii = (
4πDdT

C.2

∞

Z

2 /4DdT

e−(x−xi )

0

√
−yi
mx − yi
dx( πDdT )(− erf( √
) − erf( √
))
4DdT
4DdT
(C.5)

Obtuse angle

In the case of having the obtuse angle for the corner which is shown in FigureC.3,
the allowed region for the integral of total distribution is different,
R0
R∞
2
2
1
Ii = ( 4πDdT
)Ci ( −∞ e−(x−xi ) /4DdT dx mx e−(y−yi ) /4DdT dy+
R ∞ −(x−x )2 /4DdT
R ∞ −(y−y )2 /4DdT
i
i
e
dx
e
dy)
0
0

(C.6)

The first term can be simplified with the ’Change of Variables’ method as I men-

Figure C.3: Obtuse angle at the corner

tioned for integral (C.3)
Z 0
Z ∞
1
2
−(x−xi )2 /4DdT
Ii1 = (
)Ci (
e
dx
e−(y−yi ) /4DdT dy
4πDdT
−∞
mx
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Consider the second part of the integral
Z ∞
2
e−(y−yi ) /4DdT dy

(C.8)

mx

I use the ’Changes of Variable’ method to solve this equation:
(y − yi )
u= √
4DdT

1
therefore du = √
dy
4DdT

With the new variable, if y = mx, u =

mx−yi
√
4DdT

and if y →
− ∞, then u →
− ∞. By

substituting these to (C.8), the integral can be written as,
Z ∞
√
2
4DdT
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√
4DdT

Therefore,
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4πDdT
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1
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−∞
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mx − yi
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The second term of (C.6) is
Z ∞
Z ∞
1
2
−(x−xi )2 /4DdT
e−(y−yi ) /4DdT dy
Ii2 =
e
dx
4πDdT 0
0

(C.9)

Using ’Changes of Variable’ method to solve this integral,
(x − xi )
u= √
4DdT

(y − yi )
& w=√
4DdT

therefore,
du = √

1
1
dx & dw = √
dy
4DdT
4DdT

xi
xi
With the new variable, if x = 0, then u = − √4DdT
and if y = 0,then w = − √4DdT
.

By substituting these to (C.9), the integral can be written as,
Z ∞
Z ∞
1
2
−u2
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(4DdT )
e du
e−w dw
x
y
4πDdT
−√ i
−√ i
4DdT
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1
−xi
−yi
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4
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Now, substituting Ii1 and Ii2 the (C.6) can be written as,
n
R 0 −(x−x )2 /4DdT
1
i
i
Ii = Ci 2√4πDdT
e
dx(erfc( √mx−y
)) +
−∞
4DdT
o
−yi
−xi
1
(erfc( √4DdT
) + erfc( √4DdT
))
4

(C.10)

To simplify, we only consider the closest two images to the boundaries, therefore we
have to find the scale factor to have a normalized likelihood in allowed region.
3

X
1
S(
)
Ci
4πDdT i=1

ZZ

2 /4DdT

e−(xi+1 −xi )

2 /4DdT

e−(yi+1 −yi )

=1

A

in which A is the area of allowed region and S is scale factor.
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Appendix D
Super-resolution Image of
Optimized Experimental
Condition for Lifeact
In super-resolution microscopy the number of individual frames to generate the final
image should be optimized in order to have less phototoxicity for the cells. This
criterion is essential for taking a number of cells from one sample in order to have
a good statistical pool for specific experimental conditions. To obtain a sufficient
number of sequences for each experimental condition, one hundred image sequences
were collected for one cell in both the Lifeact and phalloidin experiments then various
number of sequences were compared to the average resolution measure introduced
by FRC method [75]. Figure D.1 depicts that the sufficient number of frames for
phalloidin is 50 image sequences where 3000 frames have been used for each sequence.
With the same concept, Figure D.2 shows the FRC curve for super-resolution images
of actin filaments reconstructed from different numbers of sequences. The results
show that the high quality for the super-resolution image can be obtained by no less
than 50 sequences of 3000 frames.
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As mentioned in Chapter 5, the imaging buffer has been optimized for the Lifeact
experiment. The actin structure in HeLa cells labeled with Lifeact + Atto 655 in
various experimental conditions are shown in the next figures. For each mentioned
experimental condition, the best super-resolution image has been chosen. Furthermore, the concentration of Lifeact + Atto 655 was optimized. Figure D.9 to D.15
show the various concentration of labeling used for actin filaments in a HeLa cell.

In the following figures, we showed the optimized concentration obtained for high
super-resolution image of actin structures in HeLa cells.

Figure D.1: Exposure time optimization
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Figure D.2: Exposure time optimization

Figure D.3: super-resolution image of actin structure in imaging buffer including
HNGB plus oxygen scavenger. a) 5 nM Lifeact + Atto 655 was diluted in 10 %
HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA combined with 168.8U/ml glucose
kW
oxidase and 1404 U/ml catalase. Excitation intensity was set to 10 cm
2 at the sample
plane and exposure time was 5 millisecond. b) Zoomed-in image of (a). The scale
bar is 1 µm.
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Figure D.4: super-resolution image of actin structure plated on a piranha cleaned
coverslip in imaging buffer including HNGB plus oxygen scavenger. a) 5 nM Lifeact
+ Atto 655 was diluted in 10 % HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA
combined with 168.8U/ml glucose oxidase and 1404 U/ml catalase. Excitation inkW
tensity was set to 10 cm
2 at the sample plane and exposure time was 5 millisecond.
b) Zoomed-in image of (a). The scale bar is 1 µm.

Figure D.5: super-resolution image of actin structure plated on a piranha cleaned
coverslip in imaging buffer including TNG plus oxygen scavenger. a) 3 nM Lifeact
+ Atto 655 was diluted in 50 mM Tris, 10 µM NaCl, 10% glucose combined with
168.8U/ml glucose oxidase and 1404 U/ml catalase. Excitation intensity was set to
kW
10 cm
2 at the sample plane and exposure time was 20 millisecond. b) Zoomed-in
image of (a). The scale bar is 1 µm.

192

Appendix D. SR Image of Optimized Experimental Condition for Lifeact

Figure D.6: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including TNG plus oxygen scavenger. a) 2 nM Lifeact + Atto 655
was diluted in 50 mM Tris, 10 µM NaCl, 10% glucose, and 0.1 % BSA combined with
168.8U/ml glucose oxidase and 1404 U/ml catalase. Excitation intensity was set to
kW
10 cm
2 at the sample plane and exposure time was 20 millisecond. b) Zoomed-in
image of (a). The scale bar is 1 µm.

Figure D.7: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB. a) 0.7 nM Lifeact + Atto 655 was diluted in 10
% HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA. Excitation intensity was set to
kW
4.72 cm
2 at the sample plane and exposure time was 40 millisecond. b) Zoomed-in
image of (a). The scale bar is 1 µm.
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Figure D.8: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB. a) 0.7 nM Lifeact + Atto 655 was diluted in 10
% HEPES, 150 µM NaCl, 10% glucose, 2% BSA. Excitation intensity was set to 4.72
kW
at the sample plane and exposure time was 40 millisecond. b) Zoomed-in image
cm2
of (a). The scale bar is 1 µm.

Figure D.9: super-resolution image of actin structure plated on a cleaned coverslip in
imaging buffer including HNGB plus oxygen scavenger. a) 12 nM Lifeact + Atto 655
was diluted in 10 % HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA combined with
168.8U/ml glucose oxidase and 1404 U/ml catalase. Excitation intensity was set to
kW
4.72 cm
2 at the sample plane and exposure time was 5 millisecond. b) Zoomed-in
image of (a). The scale bar is 1 µm.
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Figure D.10: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB plus oxygen scavenger. a) 6 nM Lifeact + Atto
655 was diluted in 10 % HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA combined
with 168.8U/ml glucose oxidase and 1404 U/ml catalase. Excitation intensity was set
kW
to 4.72 cm
2 at the sample plane and exposure time was 5 millisecond. b) Zoomed-in
image of (a). The scale bar is 1 µm.

Figure D.11: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB plus oxygen scavenger. 2 nM Lifeact + Atto 655
was diluted in 10 % HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA combined with
168.8U/ml glucose oxidase and 1404 U/ml catalase. Excitation intensity was set to
kW
10 cm
2 at the sample plane and exposure time was 5 millisecond. The scale bar is 1
µm.
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Figure D.12: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB plus oxygen scavenger. a) 2 nM Lifeact + Atto
655 was diluted in 10 % HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA combined
with 168.8U/ml glucose oxidase and 1404 U/ml catalase. Excitation intensity was
kW
set to 10 cm
2 at the sample plane and exposure time was 5 millisecond. b) Zoomed-in
image of (a). The scale bar is 1 µm.

Figure D.13: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB. a) 1 nM Lifeact + Atto 655 was diluted in 10 %
HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA. Excitation intensity was set to 4.72
kW
at the sample plane and exposure time was 40 millisecond. b) Zoomed-in image
cm2
of (a). The scale bar is 1 µm.
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Figure D.14: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB. a) 0.7 nM Lifeact + Atto 655 was diluted in 10
% HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA. Excitation intensity was set to
kW
4.72 cm
2 at the sample plane and exposure time was 40 millisecond. b) Zoomed-in
image of (a). The scale bar is 1 µm.

Figure D.15: super-resolution image of actin structure plated on a cleaned coverslip
in imaging buffer including HNGB. a) 0.5 nM Lifeact + Atto 655 was diluted in 10
% HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA. Excitation intensity was set to 10
kW
at the sample plane and exposure time was 20 millisecond. b) Zoomed-in image
cm2
of (a). The scale bar is 1 µm.

In summary, the best imaging buffer for super-resolution imaging of actin filaments is 10 % HEPES, 150 µM NaCl, 10% glucose, 0.1% BSA, pH 7. The exposure
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time when the excitation intensity on the sample set to 4.72

kW
cm2

was optimized to 4

millisecond. The best concentration of Lifeact + Atto 655 diluted in imaging buffer
was achieved ∼ 0.7 to 1 nM.
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[2] Ernst Abbe. Beiträge zur theorie des mikroskops und der mikroskopischen
wahrnehmung. Archiv für mikroskopische Anatomie, 9(1):413–418, 1873.
[3] WE Moerner. New directions in single-molecule imaging and analysis. Proceedings of the National Academy of Sciences, 104(31):12596–12602, 2007.
[4] Alex Small and Shane Stahlheber. Fluorophore localization algorithms for
super-resolution microscopy. Nature methods, 11(3):267, 2014.
[5] Daniel Sage, Thanh-An Pham, Hazen Babcock, Tomas Lukes, Thomas Pengo,
Jerry Chao, Ramraj Velmurugan, Alex Herbert, Anurag Agrawal, Silvia Colabrese, et al. Super-resolution fight club: assessment of 2d and 3d singlemolecule localization microscopy software. Nature methods, 16(5):387, 2019.
[6] Michael J Rust, Mark Bates, and Xiaowei Zhuang. Sub-diffraction-limit imaging by stochastic optical reconstruction microscopy (storm). Nature methods,
3(10):793, 2006.
[7] Mike Heilemann, Sebastian Van De Linde, Mark Schüttpelz, Robert Kasper,
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[83] Débora M Andrade, Mathias P Clausen, Jan Keller, Veronika Mueller, Congying Wu, James E Bear, Stefan W Hell, B Christoffer Lagerholm, and Christian Eggeling. Cortical actin networks induce spatio-temporal confinement of
phospholipids in the plasma membrane–a minimally invasive investigation by
sted-fcs. Scientific reports, 5:11454, 2015.
[84] Sanaz Sadegh, Jenny L Higgins, Patrick C Mannion, Michael M Tamkun, and
Diego Krapf. Plasma membrane is compartmentalized by a self-similar cortical
actin meshwork. Physical Review X, 7(1):011031, 2017.
[85] Janet R Pfeiffer and Janet M Oliver. Tyrosine kinase-dependent assembly
of actin plaques linking fc epsilon r1 cross-linking to increased cell substrate
adhesion in rbl-2h3 tumor mast cells. The Journal of Immunology, 152(1):270–
279, 1994.

206

References

[86] C Chen, SW Smye, MP Robinson, and JA Evans. Membrane electroporation
theories: a review. Medical and Biological Engineering and Computing, 44(12):5–14, 2006.
[87] Fang Huang, Samantha L Schwartz, Jason M Byars, and Keith A Lidke. Simultaneous multiple-emitter fitting for single molecule super-resolution imaging.
Biomedical optics express, 2(5):1377–1393, 2011.
[88] Khuloud Jaqaman, Dinah Loerke, Marcel Mettlen, Hirotaka Kuwata, Sergio
Grinstein, Sandra L Schmid, and Gaudenz Danuser. Robust single-particle
tracking in live-cell time-lapse sequences. Nature methods, 5(8):695, 2008.
[89] Naor Granik, Lucien E Weiss, Elias Nehme, Maayan Levin, Michael Chein,
Eran Perlson, Yael Roichman, and Yoav Shechtman. Single particle diffusion
characterization by deep learning. Biophysical Journal.
[90] Fernand Meyer and Serge Beucher. Morphological segmentation. Journal of
visual communication and image representation, 1(1):21–46, 1990.
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domains in the live cell plasma membrane. Nature communications, 6:6969,
2015.
[122] Suvrajit Saha, Il-Hyung Lee, Anirban Polley, Jay T Groves, Madan Rao, and
Satyajit Mayor. Diffusion of gpi-anchored proteins is influenced by the activity
of dynamic cortical actin. Molecular biology of the cell, 26(22):4033–4045, 2015.
[123] Daniel A Fletcher and R Dyche Mullins. Cell mechanics and the cytoskeleton.
Nature, 463(7280):485, 2010.

210

